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ABSTRACT

Efficient and Reproducible Automated Deep Learning

by

Xuanyi Dong

Deep learning has shown its power in a large number of applications, such as

visual perception, language modeling, speech recognition, video games, etc. To de-

ploy a deep learning model successfully, inevitable manual tuning is required for each

component, such as neural architecture design, the choice of optimization strategy,

data selection, augmentation, etc. Such manual tuning costs expensive computa-

tional resources and is labor-intensive. Moreover, this paradigm is not scalable when

the model size or the data size significantly increases. Fortunately, AutoDL brings

hope to alleviate this problem by making the tuning procedure automated. Despite

the recent success of AutoDL, efficiency and reproducibility for AutoDL algorithms

remain a tremendous challenge for the community.

In this thesis, we address this challenge in the following aspects. We comprehen-

sively review the current state of AutoDL and set up six step-by-step objectives to

further develop AutoDL. To achieve these objectives, we propose a series of efficient

approaches to learning to search (1) neural architecture topology, (2) neural archi-

tecture size, and (3) hyperparameters by gradient descent. In addition to common

empirical analysis on vision and NLP datasets, we build a systematical benchmark

for neural architecture topology and neural architecture size. This benchmark aims

to provide a fair and easy-to-use environment for our proposed algorithms as well

as other AutoDL participants.

Dissertation directed by Professor Bogdan Gabrys

Advanced Analytics Institute, Faculty of Engineering and IT, University of Tech-

nology Sydney
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Chapter 1

Introduction

Since the birth of AlexNet [16] in 2012, deep learning technologies [17] have ad-

vanced the state-of-the-art performance of copious applications, such as object de-

tection [18, 3], landmark localization [13, 10, 12], machine translation [19], classifi-

cation [20, 4] etc. To apply deep learning technologies to an application successfully,

substantial human effort is required in the pipeline of data collection and cleaning,

model and algorithm design, hyperparameter choices, optimization, deployment.

With the development in the last decade, these steps have involved much human

prior knowledge and became more and more complex. Moreover, with the increased

complexity, it is more and more difficult for a human expert to continue improving

existing methods; thus the headroom for improvements of manual tuning is satu-

rated. For example, the accuracy gain of the best image classification model from

the 2014 year to the 2015 year is about 10% on ImageNet [20], whereas the gain

from the 2016 year to the 2017 year is just about 2%. Such slowing down is because

the manual tuning is unfeasible for almost infinite possibilities.

Fortunately, automated deep learning – AutoDL – brings the hope to address

the aforementioned problem. Formally speaking, AutoDL is intended to automate

the process of applying deep learning to real-world problems, which included but

is not limited to model selection [21], neural architecture search [22], hyperparam-

eter optimization [23]. A typical and general AutoDL framework consists of three

steps. Firstly, defining the search space for the process to be automated, e.g., all

possible candidate architectures if automating neural architecture design. Secondly,
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sampling one or multiple candidates over this search space. Thirdly, evaluating the

sampled candidates to get their performance and using the performance to guide

the next sampling. The random search method [24], Bayesian optimization [25], EA

method [26], RL method [27], efficient NAS with parameter sharing [28, 29, 11], and

others for AutoDL can be viewed as a special case of this framework.

The study of such a framework has a long history, dating back to the 1990s [30,

31], which usually refers to automated machine learning – AutoML. When the deep

learning era came, to accommodate the characteristics of deep learning, a new and

special direction within AutoML – AutoDL – was developed. Most AutoDL algo-

rithms are a direct extension of AutoML algorithms with additional modifications

for deep learning. Since a deep learning algorithm usually requires much more com-

putational resources than the traditional machine learning algorithm, the cost of a

single trial (evaluating a candidate and obtaining the performance) is significantly

increased; not to mention the massive cost for thousands of trials required by an

AutoDL algorithm. As a result, most of these AutoDL algorithms have not been

accessible to a broader AutoDL community. For example, it takes over 2000 GPU

days to run the PPO algorithm [32] to automatically discover a high-accuracy CNN

on a small vision dataset [33].

A natural question is: could we reduce the massive computational cost of AutoDL

algorithms – e�cient AutoDL? Let us take a closer look at the AutoDL framework.

Its cost roughly equals the multiplication of a single evaluation’s cost and the num-

ber of conducted evaluations. To reduce the overall cost of the AutoDL algorithm,

we must reduce the cost of obtaining the performance of a single deep learning algo-

rithm and also reduce the number of evaluations required by an AutoDL algorithm.

The key for the former is accurately approximating a deep learning algorithm’s per-

formance with an affordable cost. The key for the latter is intelligently selecting

useful trials and avoiding low-performance trials. We will discuss these in more
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details in Chapter 3.

Another challenge to enable efficient AutoDL is its generalization ability. Au-

toDL is a broad concept that includes neural architecture search, hyperparameter

optimization, etc. Efficient AutoDL requires to incorporate prior knowledge to auto-

mate the design of a specific deep learning component. As such prior knowledge for

one component (e.g., architecture topology) may differ from that for another (e.g.,

hyperparameters), an efficient AutoDL algorithm for architecture is not applicable

to hyperparameters or data collection. In other words, an efficient AutoDL algo-

rithm is usually customized for a single component and lacks generalization ability

for other components. However, it is impractical to design one efficient AutoDL

algorithm for each of the tens of components in a deep learning pipeline.

A new research question arises: could we design a unified and e�cient AutoDL

framework that is applicable to each component in DL, e.g., architecture and hy-

perparameters? Such a framework should be able to handle a broader and more

practical search space by combining the search spaces of each individual compo-

nent. The architecture choices in a DL pipeline are often categorical, whereas the

hyper-parameter choices are often continuous; others might be even more complex.

Therefore, a critical challenge here is how to handle these different types of values in

a joint search space. There are also other challenges to design a unified and efficient

AutoDL framework and they will be discussed in Chapter 4.

Apart from the perspective of the AutoDL framework/algorithm, many researchers

worried about the reproducibility of AutoDL research [34]. Please recall that Au-

toDL has three important elements: search space, search algorithm, and a child

deep learning program (a single trial). There are many technical details in each

element, such as how to create the search space, the meta hyperparameter in the

search algorithm, and the re-training strategy in the child deep learning program.
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Given the limited space in a typical research paper submission, it is hard to expose

all of these details, yet some of them are critical to the final performance of an

AutoDL algorithm∗. Having said that, the missing details often make the repro-

ducability of the results of an AutoDL algorithm impossible. Moreover, a variety

of algorithms search for neural architectures using different search spaces. These

searched architectures are trained using different setups, such as hyperparameters,

data augmentation, regularization. This also raises a comparability problem when

comparing the performance of various search algorithms.

The third research question can therefore be formulated as: how could we enable

reproducible AutoDL? A straightforward solution is to force researchers to report

as many technical details as possible, especially the critical ones. However, it is

hard for authors to report all the critical details and also difficult for reviewers to

find missing details. To solve this problem, a simple research protocol is desired

for AutoDL researchers. Here, we suggest two directions. The first is to build the

off-the-shelf dataset of deep learning programs and use it to validate the AutoDL

algorithm. For example, if we build an architecture dataset with the off-the-shelf

accuracy information on each dataset, then neural architecture search methods can

directly query the performance of an architecture candidate from this dataset. In

this way, the effect caused by different re-training strategies can be avoided. The

second is to build a unified and modularized codebase for AutoDL. This codebase

should provide popular state-of-the-art AutoDL solutions and be easy to extend

for future research. The modification/extension of a new algorithm based on this

codebase could be decoupled, and thus the contribution of each modification to

the final performance can be fairly evaluated. With the help of such datasets and

⇤The performance of an AutoDL algorithm includes but is not limited to the convergence

speed, the resource requirement, the accuracy of the final discovered deep learning program, the

FLOPs/latency of the final discovered deep learning program, etc.
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codebase, the reproducible problem could be addressed. We will discuss this in more

details in Chapter 5.

In conclusion, this thesis project aims to answer these research questions:

Q-1 How could we reduce the massive computational cost of AutoDL algorithms?

Q-2 How could we design a unified and e�cient AutoDL framework?

Q-3 How could we enable reproducible AutoDL?

To answer them, we identified the following six research objectives and intro-

duced how they are associated with the above questions.

Obj-1 Critically review the AutoDL literature and analyze the AutoDL algorithms.

This could let us understand the advantages and disadvantages of existing

solutions; therefore, this objective is a prerequisite to solve Q-1, Q-2, and Q-3.

Obj-2 Design e�cient AutoDL algorithm for searching for neural architecture topol-

ogy. This objective could answer Q-1 from the methodology perspective.

Obj-3 Systemically evaluate the proposed e�cient algorithm on computer vision and

natural language processing applications. This objective could empirically

demonstrate the effectiveness of the approach proposed in Obj-2 on a wide

range of applications. If the empirical results show its superiority, it means

“yes” to Q-1.

Obj-4 Generalize the proposed e�cient algorithm to handle both neural architecture

topology and neural architecture size. This objective aims to design a coherent

approach based on Obj-2. Ideally, the new approach could be used to discover

every aspect of neural architecture. If so, it means we could extend the scope

of neural topology search to a broader scope of neural architecture search.

This is the first step towards unified AutoDL.
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Obj-5 Generalize the proposed e�cient algorithm from the search for the architecture

only to also include the hyperparameters. This objective is more ambitious

compared to Obj-4. If we can propose such a joint search algorithm, it is very

strong evidence for the existence of an efficient and unified AutoDL framework.

Obj-6 Build large-scale architecture datasets to encourage reproducible neural archi-

tecture search in the AutoDL community. In parallel to Obj-1 to Obj-5, this

objective aims to enhance the foundation of AutoDL, because a fair and easy-

to-use benchmark can facilitate people to do scientific research.

To accommodate with these objectives, this thesis coherently describes and com-

prehensively analyzes the proposed methodologies through Chapter 2 to Chapter 5,

and made a conclusion in Chapter 6.

The overall methodological approach and steps undertaken in the project are pre-

sented below. In Chapter 2, we achieved the Obj-1. Specifically, the history of

AutoDL is reviewed and the advantages and disadvantages of different AutoDL al-

gorithms and systems are discussed. A part of the discussed material and methods

in this Chapter have been published in peer-reviewed conferences (C-[11], C-[6], C-

[7]).

In Chapter 3, we achieved the Obj-2, Obj-3, and Obj-4. Specifically, efficient Au-

toDL algorithms to search for neural architecture topology and neural architecture

size are proposed. The original contributions include the proposed novel gradient-

based architecture sampler, the fastest neural architecture search algorithm in the

year 2018, a new NAS-based paradigm for network pruning, and state-of-the-art

performance for network pruning. These contributions have been accepted and

published in the peer-reviewed conferences CVPR and NeurIPS (C-[11] and C-[8]).

In Chapter 4, we achieved the Obj-5. Specifically, the efficient AutoDL algorithm

described in Chapter 3 has been generalized to handle both architecture and hyper-
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parameters. The original contributions include the proposed unified and efficient

AutoDL framework and the systemic, empirical analysis of seven different deep

learning models on large-scale datasets. This work has been accepted to NAS@ICLR

2021 [5].

In Chapter 5, we achieved the Obj-6. Specifically, an algorithm-agnostic NAS bench-

mark has been built with information of 15K neural cell candidates for architecture

topology and 32K for architecture size on three vision datasets. In addition, a fair

evaluation of implemented in a single codebase 13 state-of-the-art NAS approaches

have been conducted and can be used as baselines. Both the results and codebase

are publicly available to the community. The preliminary version of this benchmark

has been published at ICLR 2020 (C-[6]) and the full version was accepted to IEEE

TPAMI (J-[1]).

In Chapter 6, the thesis conclusion and discussion of the future research directions

for AutoDL are provided.
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Chapter 2

AutoDL: A Critical Review

Machine learning is the study of computer algorithms that improve automatically

through experience [35] and has a long history that can be traced back to the 1950s.

Until the year 2012, traditional approaches (such as logistic regression, decision tree,

K-means, support vector machine) dominated machine learning. Later, the deep

learning approach showed superior performance in a number of important areas and

gradually became mainstream.

Generally speaking, machine learning, especially deep learning, algorithms can

be used in a wide variety of applications, such as computer vision [36, 37, 3, 18],

natural language processing [38], recommendation [39], etc. In Figure 2.1, a life

cycle of a deep learning algorithm is illustrated. Typically, it consists of four steps:

(1) human collect raw data; (2) human pre-process the collected data, such as

clean, normalization, augmentation, etc; (3) human select deep learning model and

optimization strategy to optimize it; (4) human deploy the optimized model to

production environment (e.g., iPhone) that is designed by human; (optionally 5)

the deployed model might need to be online adapted according to streaming data.

The human expert is heavily involved in this life cycle.

Back to 2012, with the rebirth of deep learning, there are numerous opportuni-

ties for researchers to improve each part of the deep learning life cycle. For exam-

ple, residual connection improves the ImageNet classification accuracy by 7% [20];

transformer structure improves the BLEU score by 2 [19]; warm restart schedule

consistently works well for hundreds of tasks [40]. However, in 2021, low-hanging
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Raw Data
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validate
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design

choose HP

Figure 2.1 : The life cycle of a deep learning algorithm.

fruits in deep learning are picked, and each part in the deep learning life cycle is

heavily optimized by human experts. Consequently, the headroom of performance

gain for a deep learning algorithm is limited, if we still rely on human experts to

manually select models, choose hyperparameters, design chips, etc.

Such a limitation urge deep learning players to revolutionize how human interacts

with the deep learning life cycle. AutoDL is the most promising direction to solve

this problem. AutoDL aims to automate the manual design for each part of the

deep learning life cycle. The terminology “AutoDL” appears in the year 2018, while

its study has a long history. AutoDL – as a special case of AutoML – can utilize all

AutoML algorithms, thus can trace back to the 1990s [30]. Having said that, most

AutoML works studied on traditional algorithms, such as linear regression or support

vector machine [31]. AutoDL is more challenging due to the much complicated deep

learning model and the expensive cost of training a single deep learning model.

Customized AutoML algorithms for deep learning model started at around the year

2011 [41, 42]. However, until the year 2015, most of these approaches play with

small-scale neural networks [43, 44]. In 2016, finally, researchers successfully showed

the promising results of AutoML on deep neural networks [45, 33]∗.

⇤Although these works are published at the 2017 venues, they were online available in 2016.
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The ultimate goal of AutoDL is to automate everything with minimal human

interaction. The AutoDL Challenge [46] made a substantial effort in this direction

– organizing a competition with around 100 vision, NLP, speech datasets. AutoML-

Zero [47] studied how to find everything from scratch without human experts. Since

such goal is ambitious and far from practice, most AutoDL researches focus on

automating a small piece in the deep learning life cycle, such as neural architec-

ture search [28, 33, 29, 11], hyperparameter optimization [43, 48, 49, 5], hardware

search [50], etc.

The rest of this chapter will discuss these AutoDL works categorized by their au-

tomation target. Specifically, the AutoDL algorithms for neural architecture design

will be discussed in Section 2.1, that for hyperparameter design will be discussed

in Section 2.2, the AutoDL benchmark will be discussed in Section 2.3, and the

software designed for AutoDL will be discussed in Section 2.4.

2.1 Neural Architecture Search (NAS)

At the time of Jan 2021, NAS has become a dominant direction in AutoDL. Since

this terminology “NAS” appeared at 2016, researchers have made significant progress

in automatically discovering good architectures [33, 54, 29, 69, 70, 53, 11, 1]. Overall

speaking, most NAS approaches could be summarized as the interaction between

architecture search space, child deep learning program, and search algorithm as

shown in Figure 2.2. We summarized the difference between each NAS algorithm in

Table 2.1, and will separately discuss the development of these three components in

below.

Child deep learning program is the basic in NAS, which controls how a neu-

ral architecture being trained and evaluated. In the early works [33, 45], researchers

utilized the VGG-style [71] as the overall architecture structure and train each ar-

chitecture with only a few epochs to approximate its performance. Later, apart
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Publicly Available Search Space Search Strategy Improving E�ciency

[51] 2009.09 cell topology in LSTM evolution N/A

[52] 2015.07 topology and operation in LSTM evolution easy-to-hard tasks to filter

[33] 2016.11 filter size + connectivity PPO fewer epochs

[45] 2016.11 MetaQNN space Q-learning fewer epochs; early stop

[53] 2017.03 unrestricted CNN space evolution weight inheritance

[54] 2017.07 NASNet space PPO fewer epochs

[55] 2017.08 SMASH space random weight generation via HyperNet [56]

[57] 2017.10 activation functions PPO smaller model

[29] 2018.02 reduced NASNet space REINFORCE weight sharing [29]

[28] 2018.06 reduced NASNet space di↵erential weight sharing; smaller model

[58] 2018.06 tree-structure REINFORCE Net2Net [59] technique

[60] 2018.07 MBConv-based space PPO fewer epochs

[61] 2018.07 modified NASNet space random weight sharing

[62] 2019.02 reduced NASNet space random weight sharing

[63] 2019.04 architecture generator space manual fewer epochs

[64] 2019.04 FPN space PPO smaller model; fewer epochs

[8] 2019.05 depth + width di↵erential weight sharing

[11] 2019.06 reduced NASNet space di↵erential weight sharing; Gumbel [65]

[66] 2019.12 scale-permuted space PPO smaller model; fewer epochs

[67] 2020.04 architecture generator space Bayesian fewer epochs

[68] 2020.04 normalization+activation evolution smaller dataset; fewer epochs

[5] 2020.06 MBS + hyperparameters (HP) REINFORCE weight sharing

Table 2.1 : We dissect different NAS algorithms from three characteristics.

from this direction, researchers also proposed to re-use the manually designed net-

works, such as MobileNet-V2 [15], and tune its configurations [60, 72]. The training

hyperparameters may also be slightly different in different works [60, 54, 28, 11].

Search Space is an important research problem. The first several works [33, 45]

made the connectivity, kernel size, number of channels, and others tunable. However,

since such search space is too large to explore, the accuracy of the final discovered

architecture is limited. Later on, researchers manually design the macro structure

of a convolutional neural network and search for its micro (cell) structure [54, 60].
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Architecture Search Space

Child DL Program Search Algorithm
Sample

Feedback

Figure 2.2 : We abstract the NAS approaches as an interaction between the child

deep learning program, architecture search space, and search algorithm.

In this way, human expert knowledge is incorporated and the size of search space

is constrained, and thus the NAS performance is significantly boosted. Two repre-

sentative search spaces are “NASNet search space” and “MNasNet search space”.

Following that, some researchers simplifying them by removing the redundant archi-

tectures [73, 28, 72]. The aforementioned works focus on designing the convolutional

neural network for the image classification task. There are also other works that ex-

plored how to design the search space for recurrent network [33, 28], transformer [74],

segmentation [37], etc. More recent NAS works take one step ahead – studying how

to automatically design search space [63, 75].

Search algorithms are responsible for exploring the search space. Many re-

searchers utilized RL algorithms to sample candidate architectures from the search

space [33, 54, 29, 60], where the RL agent is usually an RNN model that sequentially

generate the architecture configuration. Another line of research employed the EA

algorithms [53, 76, 74]. Other researchers utilized the Bayesian optimization [77, 78]

or random search [79, 9, 80]. These works require to sample one (or multiple) candi-

date architectures – that treat each candidate as a discrete value. A novel research

direction that relaxed such discrete search space and utilized the continuous relax-

ation of the architecture representation [28]. Therefore, these works [28, 11, 81, 8]

can efficiently search architectures using gradient descent.

Efficiency. Since NAS algorithms usually require expensive computational re-
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sources [33, 54, 76], an increasing number of researchers focus on improving the

architecture search speed [82, 70, 29, 28]. A variety of techniques have been pro-

posed, such as progressive-complexity search stages [70], accuracy prediction [83],

HyperNet [55], Net2Net transformation [82], and parameter sharing [29]. For in-

stance, Cai et al. [82] reused weights of previously discovered networks to amortize

the training cost. Pham et al. [29] shared parameters between different child net-

works to improve the efficiency of the searching procedure. Brock et al. [55] utilized

a network to generate model parameters given a discovered network, avoiding fully

training from scratch. Liu et al. [28] relaxed the search space to be continuous,

so that they can use gradient descent to effectively search cells. Though these ap-

proaches successfully accelerate the architecture search procedure, several GPU days

are still required [70, 82]. Our work GDAS [11] samples individual architecture in a

differentiable way to effectively discover architecture.

2.2 Hyperparameter Optimization (HPO)

Black-box and multi-fidelity HPO methods have a long standing history [24, 84,

85, 31, 86, 31]. Black-box methods, e.g., grid search and random search [24], regard

the evaluation function as a black-box. They sample some hyperparameters and

evaluate them one by one to find the best. Bayesian methods can make the sampling

procedure in random search more efficient [87, 25, 88]. They employ a surrogate

model and an acquisition function to decide which candidate to evaluate next [89].

Multi-fidelity optimization methods accelerate the above methods by evaluating on a

proxy task, e.g., using less training epochs or a subset of data [44, 90, 86, 91]. These

HPO methods are computationally expensive to search for deep learning models [16].

Recently, gradient-based HPO methods have shown better efficiency [92, 48], by

computing the gradient with respect to the hyperparameters. For example, Maclau-

rin et al. [43] calculate the extract gradients w.r.t. hyperparameters. Fabian [93]
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leverages the implicit function theorem to calculate approximate hyper-gradient.

Following that, different approximation methods have been proposed [48, 93, 94].

Despite of their efficiency, they can only be applied to differentiable hyperparameters

such as weight decay, but not non-differentiable hyperparameters, such as learning

rate [48] or optimizer [94].

Few approaches have been developed for the joint searching of hyperparameters

and architectures [95, 96]. However, they focus on small datasets and small search

spaces, and are computationally expensive.

2.3 AutoDL Benchmarks

In the past few years, different kinds of search spaces and search algorithms have

been proposed. They brought great advancements in many applications of neural

network, such as visual perception [33, 97, 37], language modelling [29, 28, 11],

etc. Despite their success, many researchers have raised concerns about the repro-

ducibility and generalization ability of the NAS algorithms [34, 98, 6, 79, 79, 99]. It

is essentially not clear if the reported improvements have come from hyperparameter

settings, re-training pipelines, random seeds, or the improvements of the searching

algorithm itself [34].

To the best of our knowledge, NAS-Bench-101 [98] is the first large-scale archi-

tecture dataset. NAS-Bench-101 transforms the problem of architecture search into

the problem of searching neural cells, represented as a DAG. Different from ours

(Chapter 5), NAS-Bench-101 defines operation candidates on the node, whereas we

associate operations on the edge as inspired by [28, 11, 54]. The main highlights of

our benchmark are as follows. (1) We are algorithm-agnostic while NAS-Bench-101

without any modification is only applicable to selected algorithms [100, 99]. The

original complete search space, based on the nodes in NAS-Bench-101, is huge. So,

it is exceedingly difficult to efficiently traverse the training of all architectures. To
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trade off the computational cost and the size of the search space, they constrain the

maximum number of edges in the DAG. However, it is difficult to incorporate this

constraint in all NAS algorithms, such as NAS algorithms based on parameter shar-

ing [28, 29]. Therefore, many NAS algorithms cannot be directly evaluated on NAS-

Bench-101. Our benchmark solves this problem by sacrificing the number of nodes

and including all possible edges so that our search space is algorithm-agnostic. (2)

We provide extra diagnostic information, such as architecture computational cost,

fine-grained training and evaluation time, etc., which we hope will give inspirations

to better and most efficient designs of NAS algorithms utilizing these diagnostic

information.

Despite the existence of NAS-Bench-101, other researchers have also devoted

their effort to building a fair comparison and development environments for NAS.

Zela et al. [99] proposed a general framework for one-shot NAS methods and reused

NAS-Bench-101 to benchmark different NAS algorithms. Yu et al. [101] designed

a novel evaluation framework to evaluate the search phase of NAS algorithms by

comparing with a random search. Nikita et al. [102] proposed an RNN-based ar-

chitecture benchmark for the NLP task. The aforementioned works have mainly

focused on the network topology but as other aspects of DNNs, such as network

size and optimizer, significantly affect the network’s performance there is a need

for an environment and systematic studies covering these areas of NAS. Unfortu-

nately, until now these aspects have rarely been considered w.r.t. the problem of

reproducibility and generalization ability.

NAS-HPO-Bench [95] evaluated 62208 configurations in the joint NAS and hy-

perparameter space for a simple 2-layer feed-forward network. Since NAS-HPO-

Bench has only 144 architectures, it may be insufficient to evaluate different NAS

algorithms. The NAS-HPO-Bench dataset also includes the number of channels in

a multilayer perceptron (MLP). In contrast, our benchmark has a much larger size
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search space than NAS-HPO-Bench and provides the useful information on deep

architecture instead of shallow MLP.

In addition to the above discussion, we summarize the unique aspect of different

NAS benchmarks in Table 2.2.

Name Publicly Available #Datasets search space #Config Application

NAS-Bench-101 [98] 2019.02 1 topology 423K image recognition

NAS-HPO-Bench [95] 2019.05 4 shallow network + HP 62K four UCI tasks

NAS-Bench-201 [6] 2020.01 3 topology 15.6K image recognition

NAS-Bench-NLP [102] 2020.06 1 topology 14.3K language modeling

NAS-Bench-301 [103] 2020.08 1 topology 1018 image recognition

NATS-Bench [1] 2020.09 3 topology + size 15.6K + 32.8K image recognition

HW-NAS-Bench [104] 2021.01 3 topology 1021 hardware metric

NAS-Bench-ASR [105] 2021.01 1 topology 8K speech recognition

Table 2.2 : We compare the unique aspect of different NAS benchmarks.

2.4 AutoDL Software

Software frameworks have greatly influenced and fueled the advancement of ma-

chine learning. The need for computing gradients has made auto-gradient based

frameworks [106, 107, 108, 109, 110, 111] flourish. To support modular machine

learning programs with the flexibility to modify them, frameworks were introduced

with an emphasis on hyper-parameter management [112, 113]. The sensitivity of

machine learning to hyper-parameters and model architecture has led to the ad-

vent of AutoML libraries [114, 115, 116, 117, 118, 119, 120, 121, 122]. Some

(e.g., [114, 115, 116]) formulate AutoML as a problem of jointly optimizing architec-

tures and hyper-parameters. Others (e.g., [117, 118, 119]) focus on providing inter-

faces for black-box optimization. In particular, Google’s Vizier library [117] provides

tools for optimizing a user-specified search space using black-box algorithms [24, 90],

but makes the end user responsible for translating a point in the search space into
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a user program. DeepArchitect [120] proposes a language to create a search space

as a program that connects user components. Keras-tuner [121] employs a different

way to annotate a model into a search space, though this annotation is limited to

a list of supported components. Optuna [123] embraces eager evaluation of tunable

parameters, making it easy to declare a search space on the go (Appendix B.4).

Meanwhile, efficient NAS algorithms [29, 28, 72] brought new challenges to AutoML

frameworks, which require coupling between the controller and child program. Au-

toGluon [119] and NNI [118] partially solve this problem by building predefined

modules that work in both general search mode and weight-sharing mode, however,

supporting different efficient NAS algorithms are still non-trivial. Among the exist-

ing AutoML systems, complex search flows are less explored. Compared to them,

PyGlove [7] employs a mutable programming model to solve these problems, making

AutoML easily accessible to preexisting ML programs. It also accommodates the

dynamic interactions among the child programs, search spaces, search algorithms,

and search flows to provide the flexibility needed for future AutoML research.

2.5 Summary and Discussion

In this section, we critically discuss the topics of efficiency, generalizability, and

reproducibility of the AutoDL algorithms. Later, we will introduce the motivations

of our choices and other promising directions.

Efficiency The major computational bottleneck of AutoDL algorithms is the high

computational resources of evaluating a single deep learning program and a large

number of programs to be evaluated. Therefore, how to reduce a single program’s

cost and the number of programs are the focus of efficient AutoDL algorithms.

Moreover, an efficient AutoDL algorithm must consider both of these aspects. In-

herited from AutoML algorithms, an important direction is to use a proxy program
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to produce a low-fidelity approximation for the target program. For example, we

can approximate the accuracy of a CNN by training it only for five epochs [60].

Another popular direction that aligns well with deep learning is parameter sharing

(or weight sharing, as it is referred to in some literature). The parameter sharing

approach can reuse the parameters of a previously trained model, and consequently,

the cost of a single deep learning program can be significantly reduced by avoiding

training from scratch [29, 48]. On average, such cost can be reduced to a level similar

to a single forward iteration. The third direction is to predict the performance of a

deep learning program with a learnable function. For example, a neural predictor is

proposed to predict the validation accuracy by using the architecture configuration

as its input [124].

Among these three directions, the first one still requires massive computational

cost, because the cost of one epoch for deep learning is still expensive. The sec-

ond one can obtain quite good parameters for each candidate, though it requires

customized designs for different scenarios. The third one is as flexible as the first,

while collecting the training data for the performance predictor is not affordable for

everyone. In sum, each direction has its own advantages and disadvantages.

Regarding how to minimize the programs to be evaluated, the most commonly

used approach is a Bayesian optimization, and some of the other approaches include

RL and EA. For these approaches, the number of evaluated programs and their

performance is a trade-off. The more programs that they see, the higher their

performance usually gets. However, they could be less capable of handling a large-

scale search space. Apart from these, hypergradient-based approaches stand out

due to their scalability. They try to compute the gradient of hyperparameters with

regard to the validation performance [48, 28, 5]. With such gradients, even millions

of hyperparameters can be simultaneously optimized.
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In this thesis, we mainly concentrate on the differentiable AutoDL due to the

following reasons. Firstly, it implicitly leverages the parameter sharing techniques

and is much more efficient than designing a proxy program or learning a perfor-

mance predictor. Secondly, differentiable AutoDL can optimize the distribution of

architectures or hyperparameters via gradient descent. It can be more easily scaled

up to a large search space and tested over time with many theoretical supports.

Apart from these benefits, differentiable AutoDL is the white box algorithm, and

thus requires the user to provide the detailed formulation of the target deep learning

program. As a result, when switching from one search space to another one, cus-

tomized modification is desired. In addition, differentiable AutoDL can not handle

a deep learning program with non-differentiable operations. These two problems the

key restrictions of its applicability.

Generalizability Considering whether the specific formulation of a deep learning

program is required or not, the AutoDL algorithms can be categorized into black-

box and white-box approaches. Black-box approaches such as random search [24],

Bayesian optimization [25], and RL [27] can be applied to any kind of search space,

especially the search space with unknown candidates. Such flexibility sacrifices

efficiency since they must execute many candidate deep learning programs in the

search space. In contrast, white-box approaches, such as hypergradient method [48]

and ENAS [29], leverage the intrinsic and prior knowledge of a specific search space,

and thus usually can enable better efficiency and higher performance. For example,

ENAS [29] assumes the output shape of different candidate operations is the same.

IFT [48] must be applied to differentiable and continuous hyperparameters. In

this thesis, we choose to focus on and further investigate the differentiable AutoDL

belonging to the white-box class of approaches. A general differentiable AutoDL

is proposed in Chapter 4 to preserve the benefits of the white-box approach while
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absorbing some of the generalizability aspects of the black-box approach.

Reproducibility Reproducing the results of machine learning and especially deep

learning algorithms is a painstaking work. Many researchers have pointed out the

reproducibility crisis in machine learning (or general artificial intelligence). Apart

from not publishing codes, a major issue is non-determinism, e.g., random initial-

ization, data shuffling, randomness in optimization and neural networks, different

frameworks, different environments, etc. As the reproducibility problem has been

extensively discussed before, here, we would focus on the reproducibility in AutoDL.

AutoDL is naturally more complex than deep learning, and it is more challeng-

ing to make AutoDL reproducible. The paper of [34] discussed how to scientifically

research on NAS, where many concepts can be applied to the general AutoDL†. Dif-

ferent from reproducible machine learning, one important aspect in AutoDL is how

to report the performance of the final discovered deep learning program. Different

hyperparameters can cause significant performance gap for this deep learning pro-

gram; different frameworks or environments might also cause a slight performance

change; running the same code twice is also possible to get two different results.

To solve this problem, we have built NATS-Bench providing off-the-shelf architec-

ture performance on three datasets [1]. With the help of this benchmark, users

can directly query the performance of a deep learning program, i.e., an architecture

candidate running on one dataset. Therefore, for the same deep learning program,

different users will get the same performance. There is still a long way to go for

reproducible AutoDL, and we just made an early effort towards this direction.

†It is highly recommended to read [34] if one is interested in studying NAS.
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Chapter 3

Differentiable Neural Architecture Search

3.1 Introduction

In this chapter, we study how to accelerate the NAS algorithms, aiming to answer

the first question described in Chapter 1 – (Q-1 “How could we reduce the massive

computational cost of AutoDL algorithms?”). We proposed a series of coherent

solutions to achieve the objectives – Obj-2, Obj-3, and Obj-4, which are identified

in Chapter 1.

The neural architecture is usually determined by two aspects: architecture topol-

ogy and architecture size. Some works [125] use topology to indicate the connectivity

pattern of architecture. In this chapter, the terminology “architecture topology” or

“topology” refers to the connection topology and the associated operation on each

connection. The architecture size indicates the depth and width of a neural archi-

tecture, where the width is the number of channels in each layer. It usually requires

a customized design to accelerate the search of different architecture aspects. Thus,

we will introduce how to enable efficient search for topology in Section 3.2 and size

in Section 3.3.

3.2 Efficient NAS using A Differentiable Sampler

We propose aGradient-based searching approach usingDifferentiableArchitecture

Sampling (GDAS). It can search for a robust neural architecture in four hours with

a single V100 GPU. GDAS significantly improves efficiency compared to the previ-

ous methods. We start by searching for a robust neural “cell” instead of a neural
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Figure 3.1 : The search space of a neural cell is represented by a DAG.

network [33, 54]. A neural cell contains multiple functions to transform features,

and a neural network consists of many copies of the discovered neural cell [70, 54].

Figure 3.1 illustrates our searching procedure in detail. We represent the search

space of a cell by a DAG. Every grey square node indicates a feature tensor, num-

bered by the computation order. Different colored arrows indicate different kinds

of operations, which transform one node into its intermediate features. Meanwhile,

each node is the sum of the intermediate features transformed from the previous

nodes. During training, the proposed GDAS samples a sub-graph from the whole

DAG, indicated by solid connections in Figure 3.1. In this sub-graph, each node only

receives one intermediate feature from every previous node. Specifically, among the

intermediate features between every two nodes, GDAS samples one feature in a dif-

ferentiable way. In this way, GDAS can be trained by gradient descent to discover

a robust neural cell in an end-to-end fashion.

The fast searching ability of GDAS is mainly due to the sampling behavior.
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A DAG contains hundreds of parametric operations with millions of parameters.

Directly optimizing this DAG [28] instead of sampling a sub-graph leads to two

disadvantages. First, it costs a lot of time to update numerous parameters in one

training iteration, increasing the overall training time to more than one day [28].

Second, optimizing different operations together could make them compete with each

other. For example, different operations could generate opposite values. The sum

of these opposite values tends to vanish, breaking the information flow between the

two connected nodes and destabilizing the optimization procedure. To solve these

two problems, the proposed GDAS samples a sub-graph at one training iteration.

As a result, we only need to optimize a part of the DAG at one iteration, which

accelerates the training procedure. Moreover, inappropriate competition is avoided,

which makes the optimization effective.

In summary, GDAS has the following benefits:

1. Compared to previous RL-based and ES-based methods, GDAS makes the

searching procedure differentiable, which allows us to end-to-end learn a robust

searching rule by gradient descent. For RL-based and ES-based methods, feedback

(reward) is obtained after a prolonged training trajectory, while feedback (loss) in

our gradient-based method is instant and is given in every iteration. As a result,

the optimization of GDAS is potentially more efficient.

2. Instead of using the whole DAG, GDAS samples one sub-graph at one training

iteration, accelerating the searching procedure. Besides, the sampling in GDAS is

learnable and contributes to finding a better cell.

3. GDAS delivers a strong empirical performance while using fewer GPU re-

sources. On CIFAR-10, GDAS can finish one searching procedure in several GPU

hours and discover a robust neural network with a test error of 2.82%. On PTB,

GDAS discovers an RNN model with a test perplexity of 57.5. Moreover, the net-
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works discovered on CIFAR and PTB can be successfully transferred to ImageNet

and WT2.

3.2.1 Methodology

Search Space as a DAG

We search for the neural cell in the search space and stack this cell in series to

compose the whole neural network. For CNN, a cell is a fully convolutional network

that takes output tensors of previous cells as inputs and generates another feature

tensor. For recurrent neural network (RNN), a cell takes the feature vector of the

current step and the hidden state of the previous step as inputs, and generates

the current hidden state. For simplification, we take CNN as an example for the

following description.

We represent the cell in CNN as a DAG G consisting of an ordered sequence of

B computational nodes. Each computational node represents one feature tensor,

which is transformed from two previous feature tensors. This procedure can be

formulated as shown in Eq. (3.1) following [54].

Ii = fi,j(Ij) + fi,k(Ik) s.t. j < i & k < i, (3.1)

where Ii, Ij, and Ik indicate the i-th, j-th, and k-th nodes, respectively. fi,j and fi,k

indicate two functions from the candidate function set F. We denote the computa-

tional nodes of a cell as B. Taking B = 4 as an example, a cell contains 7 nodes in

total, i.e., {Ii|1 ≤ i ≤ 7}. I1 and I2 nodes are the cell outputs in the previous two

layers. I3, I4, I5, and I6 nodes are the computational nodes calculated by Eq. (3.1).

I7 indicates the output tensor of this cell, which is the concatenation of the four

computational nodes, i.e., I7 = I
!
3 I

!
4 I

!
5 I6. In GDAS, the candidate function set

F contains the following 8 functions: (1) identity, (2) zeroize, (3) 3x3 depth-wise

separate conv, (4) 3x3 dilated depth-wise separate conv, (5) 5x5 depth-wise sepa-

rate conv, (6) 5x5 dilated depth-wise separate conv, (7) 3x3 average pooling, (8)
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Figure 3.2 : The strategy to design CIFAR and ImageNet architecture.

3x3 max pooling. We use the same candidate function set F as [28], which is similar

to [54] but removes some unused functions and adds some useful functions.

From cell to network. We search for two kinds of cells, i.e., a normal cell and

a reduction cell. For the normal cell, each function in F has the stride of 1. For the

reduction cell, each function in F has the stride of 2. Once we discover one normal

cell and one reduction cell, we stack many copies of these discovered cells to make

up a neural network. As shown in Figure 3.2, for the CIFAR architecture, we stack

N normal cells as one block. Given an image, it first forwards through the network

head part, i.e., one 3 by 3 convolutional layer. It then forwards through three blocks

with two reduction cells in between. The ImageNet architecture is similar to the

CIFAR architecture, but the network head part consists of three 3 by 3 convolutional

layers. We follow [28] to setup these two overall structures.

Searching by Di↵erentiable Model Sampling

Recall Eq. (5.1), we denote a neural architecture as α and the weights of this

neural architecture as ωα. In our GDAS, we use the typical classification loss as the
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objective function:

L(α,ωα,Dtrain) = E(x,y)∼Dtrain − log Pr(y|x;α,ωα),

L(α,ω∗

α,Dval) = E(x0,y0)∼Dval
− log Pr(y′|x′;α,ω∗

α), (3.2)

Remember that Dtrain and Dval indicate the training set and the validation set,

respectively. (x, y) and (x′
, y

′) are the data associated with its label, which are

sampled from Dtrain and Dval, respectively.

An architecture α consists of many copies of the neural cell. This cell is sampled

from the search space represented by G. Specifically, between nodei and nodej, we

sample one transformation function from F from a discrete probability distribution

Ti,j. During the search, we calculate each node in a cell as:

Ii =
i−1∑

j=1

fi,j (Ij;Wfi,j) s.t. fi,j ∼ Ti,j, (3.3)

where fi,j is sampled from Ti,j and Wfi,j is its associated weight. The discrete

probability distribution Ti,j is characterized by a learnable probability mass function

as in Eq. (3.4):

Pr(fi,j = Fk) =
exp(Ak

i,j)∑K
k0=1 exp(A

k0
i,j)

, (3.4)

where A
k
i,j is the k-th element of a K-dimensional learnable vector Ai,j ∈ RK ,

and Fk indicates the k-th function in F. K is the cardinality of F, i.e., K = |F|.

Actually, Ai,j encodes the sampling distribution of the function between nodei and

nodej. As a result, the sampling distribution of a neural cell is encoded by all Ai,j,

i.e., A = {Ai,j}.

Given Eq. (3.3) and Eq. (3.4), we can obtain α and ω, and thus can calculate

Pr(y|x;α,ω) in Eq. (3.2). However, since Eq. (3.3) needs to sample from a dis-

crete probability distribution, we cannot back-propagate gradients through Ai,j in

Eq. (3.4) to optimize Ai,j. To allow back-propagation, we first use the Gumbel-Max
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trick [126, 127] to re-formulate Eq. (3.3) as Eq. (3.5), which provides an efficient

way to draw samples from a discrete probability distribution.

Ii =
i−1∑

j=1

K∑

k=1

h
k
i,j Fk(Ij;W

k
i,j), (3.5)

s.t. hi,j = one hot(argmax
k

(Ak
i,j + ok)), (3.6)

where ok are i.i.d samples drawn from Gumbel (0,1)∗, and h
k
i,j is the k-th element

of hi,j. W
k
i,j is the weight of Fk for the transformation function between nodei

and nodej. Then, we use the softmax function to relax the argmax function so

as to make Eq. (3.5) being differentiable [65, 128]. Formally, we use Eq. (3.7) to

approximate Eq. (3.5).

h̃
k
i,j =

exp((log(Pr(fi,j = Fk)) + ok)/τ)∑K
k0=1 exp((log(Pr(fi,j = Fk0)) + ok0)/τ)

, (3.7)

where τ is the softmax temperature. When τ → 0, h̃k
i,j = h

k
i,j. When τ → ∞, each

element in h̃ will be the same and the approximated distribution will be smooth.

To be noticed, we use the argmax function in Eq. (3.5) during the forward pass

but the softmax function in Eq. (3.7) during the backward pass to allow gradient

back-propagation.

Training. Reviewing the objective of NAS in Eq. (3.2), the main challenge

is learning to find architecture α. By utilizing Eq. (3.7), we can make the sam-

pling procedure differentiable and learn a distribution of neural cells (representing

architectures). However, it is still intractable to directly solve Eq. (3.2), because

the nested formulation in Eq. (3.2) needs to calculate high order derivatives. In

practice, to avoid calculating high order derivatives, we apply the alternative op-

timization strategy to update the sampling distribution TA and the weights of all

functions W in an iterative way. Given one data sample x and its associated label

⇤
oi = − log(− log(u)) with u ∼ Unif [0, 1]
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Algorithm 1 The GDAS algorithm

Input: split the training set into two disjoint sets: Dtrain and Dval; randomly ini-

tialized A and W , and the batch size n

while not converge do $ search for an architecture

Sample batch of data Dt = {(xi, yi)}ni=1 from Dtrain

Calculate LT =
∑n

i=1 %(xi, yi) based on Eq. (3.8)

Update W by gradient descent: W = W − OWLT

Sample batch of data Dv = {(xi, yi)}ni=1 from Dval

Calculate LV =
∑n

i=1 %(xi, yi) based on Eq. (3.8)

Update A by gradient descent: A = A− OALV

end while

Derive the final architecture from A

Optimize the architecture on the training set

y, we calculate the loss as:

%(x, y) = − log Pr(y|x;α,ωα), (3.8)

s.t. α ∼ TA & ωα ⊂ W , (3.9)

where TA is the distribution encoded by A and W = {W k
i,j} represents the weights

of all functions in all cells of the network. Note that, for one data sample, it first

samples α from TA and then calculates the network output only on its associated

weight ωα, which is a part of W . As shown in Algorithm 1, we apply the AOS

to update A based on the validation losses from Dval and update W based on the

training losses from Dtrain. It is essential to train W on Dtrain and A on DV ,

because (1) this strategy is theoretically sound with the objective Eq. (3.2); and (2)

this strategy can improve the generalization ability of the searched structure.

Architecture. After training, we need to derive the final architecture from the
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learned A. Each nodei connects with T previous nodes. Following the previous

works, we use T = 2 for CNN [54, 28] and T = 1 for RNN [29, 28]. Suppose Ω

is the candidate index set, we derive the final architecture by the following pro-

cedure: (1) define the importance of the connection between nodei and nodej as:

maxk∈⌦ Pr(fi,j = Fk). (2) for each nodei, retain T connections with the maximum

importance from the previous nodes. (3) for the retained connection between nodei

and nodej, we use the function Fargmaxk2⌦ Pr(fi,j=Fk). Ω is {1, ..., K} by default.

Acceleration. In Eq. (3.5), hi,j is a one-hot vector. As a result, in the forward

procedure, we only need to calculate the function Fargmax(hi,j). During the backward

procedure, we only back-propagate the gradient generated at the argmax(h̃i,j). In

this way, we can save most computation time and also reduce the GPU memory

cost by about |F| times. Within one training batch, a different cell will produces a

different hi,j, which was shared for each training examples.

One benefit of this acceleration trick is that it allows us to directly search on

the large-scale dataset (e.g., ImageNet) due to the saved GPU memory. We did

some experiments to directly search on ImageNet using the same hyperparameters

as on the small datasets, however, failed to obtain a good performance. Searching

on a large-scale dataset might require different hyperparameters and needs careful

tuning. We will explore this in our future work.

3.2.2 Experimental Study

We evaluate our GDAS on CIFAR-10, CIFAR-100 [132], ImageNet [133],

Penn Treebank (PTB) [134], and WikiText-2 (WT2) [135].

Search for CNN

CNN Searching Setup. The neural cells for CNN are searched on CIFAR-10

following [33, 54, 70, 29]. We randomly split the official training images into two
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Type Method Venue GPUs
Times Parameters Error on Error on

(days) (million) CIFAR-10 CIFAR-100

Human

Expert

ResNet + CutOut [20] CVPR16 − − 1.7 4.61 22.10

DenseNet-BC [129] CVPR17 − − 25.6 3.46 17.18

Macro

Search

Space

MetaQNN [45] ICLR17 10 8-10 11.2 6.92 27.14

Net Transformation [82] AAAI18 5 2 19.7 5.70 −

SMASH [55] ICLR18 1 1.5 16.0 4.03 −

NAS [33] ICLR17 800 21-28 7.1 4.47 −

NAS + more filters [33] ICLR17 800 21-28 37.4 3.65 −

ENAS [29] ICML18 1 0.32 38.0 3.87 −

Micro

Search

Space

Hierarchical NAS [69] ICLR18 200 1.5 61.3 3.63 −

Progressive NAS [70] ECCV18 100 1.5 3.2 3.63 19.53

NASNet-A [54] CVPR18 450 3-4 3.3 3.41 −

NASNet-A + CutOut [54] CVPR18 450 3-4 3.3 2.65 −

ENAS [29] ICML18 1 0.45 4.6 3.54 19.43

ENAS + CutOut [29] ICML18 1 0.45 4.6 2.89 −

DARTS (1st) + CutOut [28] ICLR19 1 0.38 3.3 3.00 −

DARTS (2nd) + CutOut [28] ICLR19 1 1 3.4 2.82 17.54†

GHN + CutOut [130] ICLR19 1 0.84 5.7 2.84 −

NAONet [131] NeurIPS18 200 1 10.6 3.18 −

AmoebaNet-A + CutOut [76] AAAI19 450 7 3.1 3.12 18.93†

GDAS [C=36,N=6] CVPR19 1 0.21 3.4 3.87 19.68

GDAS [C=36,N=6] + CutOut CVPR19 1 0.21 3.4 2.93 18.38

Table 3.1 : Classification errors of GDAS and baselines on CIFAR.

groups, with each group containing 25K images. One group is used as the training

set DT in Algorithm 1, and the other is used as the validation set DV in Algorithm 1.

The candidate function set F has 8 different functions as introduced in Section 3.2.1.

The default hyperparameters for each function in F are the same in [28, 54, 70]. By

default, we set the number of initial channels in the first convolution layer C as 16;

set the number of computational nodes in a cell B as 4; and the number of layers

in one block N as 2. We train the model by 240 epochs in total. For ω, we use

the SGD optimization. We start with a learning rate of 0.025 and anneal it down
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to 1e-3 following a cosine schedule. We use the momentum of 0.9 and the weight

decay of 3e-4. For α, we use the Adam optimization [136] with the learning rate of

3e-4 and the weight decay of 1e-3. The τ is initialized as 10 and is linearly reduced

to 0.1. To search the normal cell and the reduction cell on CIFAR-10, our GDAS

takes about five hours to finish the search procedure on a single NVIDIA Tesla V100

GPU. Following [28], we run GDAS 4 times with di↵erent random seeds and pick

the best cell based on its validation performance. This procedure can reduce the high

variance of the searched results, especially when searching the RNN structure.

Clarifications on the searching cost (GPU days) of different methods.

The searching costs listed in Table 3.1 and Table 3.2 are not normalized across

different GPU devices. Different algorithms might run on different machines, and

we simply refer the searching costs reported in their papers.

Discussion on the acceleration step. If we do not apply the acceleration

step introduced in Section 3.2.1, each iteration will cost |F|=8× more time and

GPU memory than GDAS. In the same time, without this acceleration step, it

requires less training epochs to converge but still costs more time than applying the

acceleration step.

Results on CIFAR. After the searching procedure, we use C=36, B=4, and

N=6 to form a CNN. Following the previous works [28, 29, 54], we train the network

by 600 epochs in total. We start the learning rate of 0.025 and reduce it to 0 with the

cosine learning rate scheduler. We set the probability of path dropout as 0.2 and the

auxiliary tower with the weight of 0.4 [33]. We use the standard pre-processing and

data augmentation, i.e., randomly cropping, horizontally flipping, normalization,

and CutOut [139].

We compare the models discovered by our approach with other state-of-the-art

models in Table 3.1. The models discovered by the macro search algorithms obtain
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Type Method Venue GPUs
Times Test Error (%) Parameters +×

(days) Top-1 Top-5 (million) (million)

Human Expert

Inception-v1 [137] CVPR15 − − 30.2 10.1 6.6 1448

MobileNet-V2 [15] CVPR18 − − 28.0 − 3.4 300

Shu✏eNet [138] CVPR18 − − 26.3 − ∼5 524

Micro Search Space

Progressive NAS [70] ECCV18 100 1.5 25.8 8.1 5.1 588

NASNet-A [54] CVPR18 450 3-4 26.0 8.4 5.3 564

NASNet-B [54] CVPR18 450 3-4 27.2 8.7 5.3 488

NASNet-C [54] CVPR18 450 3-4 27.5 9.0 4.9 558

DARTS (2nd) [28] ICLR19 1 1 26.9 9.0 4.9 595

GHN [130] ICLR19 1 0.84 27.0 8.7 6.1 569

AmoebaNet-A [76] AAAI19 450 7 25.5 8.0 5.1 555

AmoebaNet-B [76] AAAI19 450 7 26.0 8.5 5.3 555

AmoebaNet-C [76] AAAI19 450 7 24.3 7.6 6.4 570

GDAS [C=50,N=4] CVPR19 1 0.21 26.0 8.5 5.3 581

Table 3.2 : Top-1 and top-5 errors of GDAS and baselines on ImageNet.

a higher error than the models discovered by the micro search algorithms. Using

GDAS, we discover a model with 3.3M parameters, which achieves 2.93% error on

CIFAR-10. Using GDAS (FRC), we discover a model with only 2.5M parameters,

which achieves 2.82% error on CIFAR-10. NASNet-A achieves a lower error rate than

ours, but it contains more than 80% of the parameters than the model discovered

by GDAS (FRC). Notably, our GDAS discovers a comparable model with the state-

of-the-art, whereas the searching cost of our approach is much less than the others.

For example, GDAS (FRC) takes less than 4 hours on a single V100 GPU, which

is about 0.17 GPU days. It is faster than NASNet by almost 104 times. ENAS is

a recent work that focuses on accelerating the searching procedure. ENAS is very

efficient, whereas our GDAS (FRC) is three times faster than ENAS.

Results on ImageNet. Following [54, 28, 29, 15], we use the ImageNet-mobile

setting, in which the input size is 224×224 and the number of multiply-add opera-
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Architecture
Perplexity Parameters Search Cost

val test (Million) (GPU days)

V-RHN [140] 67.9 65.4 23 −

LSTM [141] 60.7 58.8 24 −

LSTM + SC [141] 60.9 58.3 24 −

LSTM + SE [142] 58.1 56.0 22 −

NAS [33] − 64.0 25 104

ENAS [29] 60.8 58.6 24 0.5

DARTS (1st) [28] 60.2 57.6 23 0.13

DARTS (2nd) [28] 58.1 55.7 23 0.25

GDAS 59.8 57.5 23 0.4

Table 3.3 : Comparing the perplexity of different language models on PTB.

tions is restricted to be less than 600M. We train models by SGD with 250 epochs

and use the batch size of 128. We initialize the learning rate of 0.1 and reduce it by

0.97 after each epoch.

We compare our results on ImageNet with the other methods in Table 3.2. Most

algorithms in Table 3.2 take more than 1000 GPU days to discover a good CNN

cell. DARTS [28] uses minimum resources among the compared algorithms, whereas

ours is even faster than DARTS [28] by more than 10 times. For GDAS, if we use

C=52 and N=4, the number of multiply-add operations will be larger than 600

MB, and thus we use C=50 to restrict it to be less than 600MB. AmoebaNet-A

and Progressive NAS achieve a slightly lower test error than ours. However, their

methods cost a prohibitive amount of GPU resources. The results in Table 3.2 show

the discovered cell on CIFAR-10 can be successfully transferred to ImageNet and
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achieve competitive performance.

Search for RNN

Architecture
Perplexity Parameters Search Cost

val test (M) (GPU days)

LSTM + AL [143] 91.5 82.0 28 −

LSTM [141] 69.1 65.9 33 −

LSTM + SC [141] 69.1 65.9 23 −

LSTM + SE [142] 66.0 63.3 33 −

ENAS [29] 72.4 70.4 33 0.5

DARTS (2nd) [28] 71.2 69.6 33 0.25

GDAS 71.0 69.4 33 0.4

Table 3.4 : Comparison with different language models on WT2.

RNN Searching Setup. The neural cells for RNN are searched on PTB with

the splits following [28, 29] The candidate function set F contain 5 functions, i.e.,

zeroize, Tanh, ReLU, sigmoid, and identity. We use B=9 to search the RNN cell.

The RNN model consists of one word embedding layer with a hidden size of 300, one

RNN cell with a hidden size of 300, and one decoder layer. We train the model by 200

epochs with a batch size of 128 and a BPTT length of 35. We optimize ω by Adam

with a learning rate of 20 and a weight decay of 5e-7. We optimize α by Adam with a

learning rate of 3e-3 and a weight decay of 1e-3. Other setups are the same in [29, 28].

Results on PTB. We evaluate the RNN model formed by the discovered re-

current cell on PTB. We use a batch size of 64 and a hidden size of 850. We train

the model using the A-SGD by 2000 epochs. The learning rate is fixed as 20 and
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the weight decay is 8e-7. DARTS [28] and ENAS [29] greatly reduce the search cost

compared to previous methods. Our GDAS incurs a lower search cost than all the

previous methods. Note that our code is not heavily optimized and the theoretical

search cost should be less than the one reported in Table 3.3.

We compare different RNN models in Table 3.3. The model discovered by GDAS

achieves a validation perplexity of 59.8 and a test perplexity of 57.5. The perfor-

mance of our discovered RNN is on par with the state-of-the-art models in Table 3.3.

LSTM + SE [142] obtains better results than ours, but it is an ensemble method

using mixture of softmax. By applying the SE technique [142], GDAS can achieve

the lower perplexity without doubt. LSTM [141] is an extensively tuned model,

whereas our automatically discovered model is superior to it. Compared to other

efficient approaches, the search cost of GDAS is the lowest.

Results on WT2. To train the model on WT2, we use the same experiment

settings as PTB, but we use a hidden size of 700 and a weight decay of 5e-7. We train

the model in 3000 epochs in total. Table 3.4 compares different RNN models on

WT2. Our approach achieves competitive results among all automatically searching

approaches. GDAS is worse than “LSTM + SC” [141]. Since our model is searched

on a small dataset PTB, and the transferable ability of the discovered model might

be a little bit weak. If we directly search the RNN model on WT2, we could obtain

a better model and improve the transferable ability.

3.2.3 Discussion

Most recent NAS approaches search neural networks on the small-scale datasets,

such as CIFAR, and then transfer the discovered networks to the large-scale datasets,

such as ImageNet. The obstacle of directly searching on ImageNet is the huge

computational cost. GDAS is an efficient NAS algorithm and gives us an opportunity

to search on ImageNet. We will explore this research direction in our future work.
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3.3 Transformable Architecture Search for Large-scale Data

Deep CNNs have become wider and deeper to achieve high performance on

different applications [20, 129, 33]. Despite their great success, it is impracti-

cal to deploy them to resource constrained devices, such as mobile devices and

drones. A straightforward solution to address this problem is using network prun-

ing [144, 145, 146, 147, 148] to reduce the computation cost of over-parameterized

CNNs. A typical pipeline for network pruning, as indicated in Figure 3.3(a), is

achieved by removing the redundant filters and then fine-tuning the slashed net-

works, based on the original networks. Different criteria for the importance of the

filters are applied, such as L2-norm of the filter [149], reconstruction error [147], and

learnable scaling factor [150]. Lastly, researchers apply various fine-tuning strate-

gies [149, 148] for the pruned network to efficiently transfer the parameters of the

unpruned networks and maximize the performance of the pruned networks.

Train
a large
CNN T

Prune filters,
get a small

CNN S

Fine-tune
the CNN S

An efficient
CNN S

(a) The Traditional Pruning Paradigm
Train a large CNN T

Search for the width 
and depth of CNN S

Transfer
knowledge
from T to S

An efficient
CNN S

(b) The Proposed Pruning Paradigm

Figure 3.3 : A comparison between the typical pruning paradigm and the proposed

paradigm.

Traditional network pruning approaches achieve effective impacts on network

compacting while maintaining accuracy. Their network structure is intuitively de-
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signed, e.g., pruning 30% filters in each layer [149, 148], predicting sparsity ra-

tio [151] or leveraging regularization [152]. The accuracy of the pruned network is

upper bounded by the hand-crafted structures or rules for structures. To break this

limitation, we apply NAS to turn the design of the architecture structure into a

learning procedure and propose a new paradigm for network pruning as explained

in Figure 3.3(b).

Prevailing NAS methods [28, 33, 11, 72, 76] optimize the network topology,

while the focus of this chapter is automated network size. In order to satisfy the

requirements and make a fair comparison between the previous pruning strategies,

we propose a new NAS scheme termed Transformable Architecture Search (TAS).

TAS aims to search for the best size of a network instead of topology, regularized

by minimization of the computation cost, e.g., FLOPs. The parameters of the

searched/pruned networks are then learned by knowledge transfer [153, 154].

TAS is a differentiable searching algorithm, which can search for the width and

depth of the networks effectively and efficiently. Specifically, different candidates of

channels/layers are attached with a learnable probability. The probability distri-

bution is learned by back-propagating the loss generated by the pruned networks,

whose feature map is an aggregation of K feature map fragments (outputs of net-

works in different sizes) sampled based on the probability distribution. These feature

maps of different channel sizes are aggregated with the help of channel-wise inter-

polation. The maximum probability for the size in each distribution serves as the

width and depth of the pruned network.

In experiments, we show that the searched architecture with parameters trans-

ferred by knowledge distillation (KD) outperforms previous state-of-the-art pruning

methods on CIFAR-10, CIFAR-100 and ImageNet. We also test different knowledge

transfer approaches on architectures generated by traditional hand-crafted pruning
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approaches [149, 148] and random architecture search approach [28]. Consistent

improvements on different architectures demonstrate the generality of knowledge

transfer.

3.3.1 Difference between TAS and Pruning Methods

Network pruning [144, 155] is an effective technique to compress and accelerate

CNNs, and thus allows us to deploy efficient networks on hardware devices with lim-

ited storage and computation resources. A variety of techniques have been proposed,

such as low-rank decomposition [156], weight pruning [157, 144, 146, 145], channel

pruning [148, 155], dynamic computation [158, 14] and quantization [159, 160]. They

lie in two modalities: unstructured pruning [144, 158, 14, 145] and structured prun-

ing [149, 147, 148, 155].

Unstructured pruning methods [144, 158, 14, 145] usually enforce the convo-

lutional weights [144, 157] or feature maps [14, 158] to be sparse. The pioneers of

unstructured pruning, LeCun et al. [144] and Hassibi et al. [157], investigated the

use of the second-derivative information to prune weights of shallow CNNs. After

deep network was born in 2012 [16], Han et al. [145, 146, 161] proposed a series of

works to obtain highly compressed deep CNNs based on L2 regularization. After

this development, many researchers explored different regularization techniques to

improve the sparsity while preserve the accuracy, such as L0 regularization [162]

and output sensitivity [163]. Since these unstructured methods make a big network

sparse instead of changing the whole structure of the network, they need dedicated

design for dependencies [161] and specific hardware to speedup the inference proce-

dure.

Structured pruning methods [149, 147, 148, 155] target the pruning of convolu-

tional filters or whole layers, and thus the pruned networks can be easily developed

and applied. Early works in this field [152, 164] leveraged a group Lasso to enable
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structured sparsity of deep networks. After that, Li et al. [149] proposed the typ-

ical three-stage pruning paradigm (training a large network, pruning, re-training).

These pruning algorithms regard filters with a small norm as unimportant and tend

to prune them, but this assumption does not hold in deep nonlinear networks [165].

Therefore, many researchers focus on better criterion for the informative filters. For

example, Liu et al. [150] leveraged a L1 regularization; Ye et al. [165] applied a ISTA

penalty; and He et al. [166] utilized a geometric median-based criterion. In contrast

to previous pruning pipelines, our approach allows the number of channels/layers

to be explicitly optimized so that the learned structure has high-performance and

low-cost.

Besides the criteria for informative filters, the importance of network struc-

ture was suggested in [155]. Some methods implicitly find a data-specific archi-

tecture [164, 152, 151], by automatically determining the pruning and compression

ratio of each layer. In contrast, we explicitly discover the architecture using NAS.

Most previous NAS algorithms [33, 11, 28, 76] automatically discover the topology

structure of a neural network, while we focus on searching for the depth and width

of a neural network. Reinforcement learning (RL)-based [33, 82] methods or evolu-

tionary algorithm-based [76] methods are possible to search networks with flexible

width and depth, however, they require huge computational resources and cannot

be directly used on large-scale target datasets. Differentiable methods [11, 28, 72]

dramatically decrease the computation costs but they usually assume that the num-

ber of channels in different searching candidates is the same. TAS is a differentiable

NAS method, which is able to efficiently search for a transformable networks with

flexible width and depth.

Network transformation [59, 167, 82] also studied the depth and width of net-

works. Chen et al. [59] manually widen and deepen a network, and proposed Net2Net

to initialize the lager network. Ariel et al. [167] proposed a heuristic strategy to
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Figure 3.4 : An illustration of TAS on a three-layer CNN.

find a suitable width of networks by alternating between shrinking and expanding.

Cai et al. [82] utilized a RL agent to grow the depth and width of CNNs, while our

TAS is a differentiable approach and can not only enlarge but also shrink CNNs.

Knowledge transfer has been proven to be effective in the literature of pruning.

The parameters of the networks can be transferred from the pre-trained initializa-

tion [149, 148]. Minnehan et al. [168] transferred the knowledge of uncompressed

network via a block-wise reconstruction loss.

3.3.2 Methodology

Our pruning approach consists of three steps: (1) training the unpruned large

network by a standard classification training procedure. (2) searching for the depth

and width of a small network via the proposed TAS. (3) transferring the knowledge

from the unpruned large network to the searched small network by a simple KD

approach [153]. We will introduce the background, show the details of TAS, and

explain the knowledge transfer procedure.

Search for width. We use parameters P̂w ∈ R|C| to indicate the distribution

of the possible number of channels in one layer, indicated by C and max(C) ≤ cout.

The probability of choosing the j-th candidate for the number of channels can be
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formulated as:

P
w
j =

exp(αj)∑
|C|
k=1 exp(αk)

where 1 ≤ j ≤ |C|, (3.10)

However, the sampling operation in the above procedure is non-differentiable,

which prevents us from back-propagating gradients through P
w
j to P̂w. Motivated

by [11], we apply Gumbel-Softmax [65, 128] to soften the sampling procedure to

optimize P̂w:

P̃w
j =

exp((log (Pw
j ) + oj)/τ)

∑
|C|
k=1 exp((log (P

w
k ) + ok)/τ)

, (3.11)

s.t. oj = − log(− log(u)) & u ∼ U(0, 1),

where U(0, 1) means the uniform distribution between 0 and 1. τ is the softmax

temperature. When τ → 0, P̃w
j becomes one-hot, and the Gumbel-softmax dis-

tribution drawn from P̃w
j becomes identical to the categorical distribution. When

τ → ∞, the Gumbel-softmax distribution becomes a uniform distribution over C.

The feature map in our method is defined as the weighted sum of the original feature

map fragments with different sizes, where weights are P̃w
j. Feature maps with dif-

ferent sizes are aligned by channel wise interpolation (CWI) so as for the operation

of weighted sum. To reduce the memory costs, we select a small subset with indexes

I ⊆ [|C|] for aggregation instead of using all candidates. Additionally, the weights

are re-normalized based on the probability of the selected sizes, which is formulated

as:

Î =
∑

j∈I

exp((log(Pw
j ) + oj)/τ)∑

k∈I exp((log(P
w
k ) + ok)/τ)

× CWI(I1:Cj ,:,:,max(CI)) s.t. I ∼ Tp̂,

(3.12)

where Tp̂ indicates the multinomial probability distribution parameterized by P̃w
j.

The proposed CWI is a general operation to align feature maps with different sizes.

It can be implemented in many ways, such a 3D variant of spatial transformer
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network [169] or adaptive pooling operation [170]. In this section, we choose the

3D adaptive average pooling operation [170] as CWI† , because it brings no extra

parameters and negligible extra costs. We use Batch Normalization [171] before

CWI to normalize different fragments. Figure 3.4 illustrates the above procedure by

taking |I| = 2 as an example.

Discussion w.r.t. the sampling strategy in Eq. (3.12). This strategy aims to

largely reduce the memory cost and training time to an acceptable amount by only

back-propagating gradients of the sampled architectures instead of all architectures.

Compared to sampling via a uniform distribution, the applied sampling method

(sampling based on probability) could weaken the gradients difference caused by

per-iteration sampling after multiple iterations.

Search for depth. We use parameters P̂ d ∈ RL to indicate the distribution of

the possible number of layers in a network with L convolutional layers. We utilize a

similar strategy to sample the number of layers following Eq. (3.11) and allow P̂ d to

be differentiable as that of P̂w, using the sampling distribution P̃ d
l for the depth l.

We then calculate the final output feature of the pruned networks as an aggregation

from all possible depths, which can be formulated as:

Iout =
∑L

l=1
P̃ d

l × CWI(Î l
, Cout), (3.13)

where Î
l indicates the output feature map via Eq. (3.12) at the l-th layer. Cout

indicates the maximum sampled channel among all Î l. The final output feature

map Oout is fed into the last classification layer to make predictions. In this way, we

can back-propagate gradients to both width parameters P̂w and depth parameters

P̂ d.

†The formulation of the selected CWI: suppose B = CWI(A, Cout), where B ∈ RCoutHW and

A ∈ RCHW ; then Bi,h,w = mean(As:e�1,h,w), where s = * i⇥C

Cout
+ and e = , (i+1)⇥C

Cout
-. We tried

other forms of CWI, e.g., bilinear and trilinear interpolation. They obtain similar accuracy but

are much slower than our choice.
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Searching objectives. The final architecture α is derived by selecting the

candidate with the maximum probability, learned by the architecture parameters A,

consisting of P̂w for each layers and P̂ d. Prevailing NAS methods [28, 33, 11, 72, 76]

optimize α over network candidates with different typologies, while our TAS searches

over candidates with the same typology structure as well as smaller width and

depth. As a result, the validation loss in our search procedure includes not only the

classification validation loss but also the penalty for the computation cost:

Lval = − log(
exp(zy)∑
|z|
j=1 exp(zj)

) + λcostLcost, (3.14)

where z is a vector denoting the output logits from the pruned networks, y indicates

the ground truth class of a corresponding input, and λcost is the weight of Lcost. The

cost loss encourages the computation cost of the network (e.g., FLOP) to converge

to a target R so that the cost can be dynamically adjusted by setting different R.

We used a piece-wise computation cost loss as:

Lcost =






log(Ecost(A)) Fcost(A) > (1 + t)×R

0 (1− t)×R < Fcost(A) < (1 + t)×R

− log(Ecost(A)) Fcost(A) < (1− t)×R

, (3.15)

where Ecost(A) computes the expectation of the computation cost, based on the

architecture parameters A. Specifically, it is the weighted sum of computation costs

for all candidate networks, where the weight is the sampling probability. Fcost(A)

indicates the actual cost of the searched architecture, whose width and depth are

derived from A. t ∈ [0, 1] denotes a toleration ratio, which slows down the speed

of changing the searched architecture. Note that we use FLOP to evaluate the

computation cost of a network, and it is readily to replace FLOP with other metric,

such as latency [72].
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Algorithm 2 The TAS Procedure

Input: split the training set into two disjoint sets: Dtrain and Dval

1: while not converge do

2: Sample batch data Dt from Dtrain

3: Calculate the classification loss on Dt to update network weights

4: Sample batch data Dv from Dval

5: Calculate the loss on Dv via Eq. (3.14) to update A

6: end while

7: Derive the searched network from A

8: Randomly initialize the searched network and optimize it by KD via Eq. (3.17)

on the training set

We show the overall algorithm in Algorithm 2. During searching, we forward

the network using Eq. (3.13) to make both weights and architecture parameters

differentiable. We alternatively minimize the simple classification loss on the training

set to optimize the pruned networks’ weights and Lval on the validation set to

optimize the architecture parameters A. After searching, we pick up the number

of channels with the maximum probability as width and the number of layers with

the maximum probability as depth. The final searched network is constructed by

the selected width and depth. This network will be optimized via KD, and we will

introduced the details in Section 3.3.2.

Knowledge Transfer

Knowledge transfer is important to learn a robust pruned network, and we em-

ploy a simple KD algorithm [153] on a searched network architecture. This algorithm

encourages the predictions z of the small network to match soft targets from the
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unpruned network via the following objective:

Lmatch = −
∑|z|

i=1

exp(ẑi/T )∑
|z|
j=1 exp(ẑj/T )

log(
exp(zi/T )∑
|z|
j=1 exp(zj/T )

), (3.16)

where T is a temperature, and ẑ indicates the logit output vector from the pre-

trained unpruned network. Additionally, it uses a softmax with cross-entropy loss

to encourage the small network to predict the true targets. The final objective of

KD is as follows:

LKD = −λ log(
exp(zy)∑
|z|
j=1 exp(zj)

) + (1− λ)Lmatch s.t. 0 ≤ λ ≤ 1, (3.17)

where y indicates the true target class of a corresponding input. λ is the weight of loss

to balance the standard classification loss and soft matching loss. After we obtain

the searched network, we first pre-train the unpruned network and then optimize

the searched network by transferring from the unpruned network via Eq. (3.17).

3.3.3 Experimental Analysis

We introduce the experimental setup in Section 3.3.3. We evaluate different

aspects of TAS in Section 3.3.3, such as hyperparameters, sampling strategies, dif-

ferent transferring methods, etc. Lastly, we compare TAS with other state-of-the-art

pruning methods in Section 3.3.3.

Experimental Settings

The search setting. We search the number of channels over {0.3, 0.4, 0.5, 0.6,

0.7, 0.8, 0.9, 1.0} of the original number in the unpruned network. We search the

depth within each convolutional stage. We sample |I| = 2 candidates in Eq. (3.12) to

reduce the GPU memory cost during searching. We set R according to the FLOPs

of the compared pruning algorithms and set λcost of 2. We optimize the weights

via SGD and the architecture parameters via Adam. For the weights, we start the

learning rate from 0.1 and reduce it by the cosine scheduler [40]. For the architecture
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(a) The FLOPs of the searched network

over epochs when we do not constrain the

FLOPs (�cost = 0).

(b) The mean discrepancy over epochs

when we do not constrain the FLOPs

(�cost = 0).

(c) The FLOPs of the searched network

over epochs when we constrain the FLOPs

(�cost = 2).

(d) The mean discrepancy over epochs

when we constrain the FLOPs (�cost = 2).

Figure 3.5 : The effect of different differentiable strategies.

parameters, we use the constant learning rate of 0.001 and a weight decay of 0.001.

On both CIFAR-10 and CIFAR-100, we train the model for 600 epochs with the

batch size of 256. On ImageNet, we train ResNets [20] for 120 epochs with the

batch size of 256. The toleration ratio t is always set as 5%. The τ in Eq. (3.11) is

linearly decayed from 10 to 0.1.
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FLOPs Accuracy

Pre-defined 41.1 Million 68.18 %

Pre-defined w/ Init 41.1 Million 69.34 %

Pre-defined w/ KD 41.1 Million 71.40 %

Random Search 42.9 Million 68.57 %

Random Search w/ Init 42.9 Million 69.14 %

Random Search w/ KD 42.9 Million 71.71 %

TAS† 42.5 Million 68.95 %

TAS† w/ Init 42.5 Million 69.70 %

TAS† w/ KD (TAS) 42.5 Million 72.41 %

Table 3.5 : We compare the accuracy on CIFAR-100 when pruning about 40%

FLOPs of ResNet-32.

Training. For CIFAR experiments, we use SGD with a momentum of 0.9 and a

weight decay of 0.0005. We train each model by 300 epochs, start the learning rate

at 0.1, and reduce it by the cosine scheduler [40]. We use the batch size of 256 and

2 GPUs. When using KD on CIFAR, we use λ of 0.9 and the temperature T of 4

following [154]. For ResNet models on ImageNet, we follow most hyperparameters

as CIFAR, but use a weight decay of 0.0001. We use 4 GPUs to train the model by

120 epochs with the batch size of 256. When using KD on ImageNet, we set λ as

0.5 and T as 4 on ImageNet.

Case Studies

In this section, we evaluate different aspects of our proposed TAS. We also com-

pare it with different searching algorithm and knowledge transfer method to demon-
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#Selected Channels Search Time Memory Train Time FLOPs Accuracy

|I|=1 2.83 Hours 1.5GB 0.71 Hours 23.59 MB 89.85%

|I|=2 3.83 Hours 2.4GB 0.84 Hours 38.95 MB 92.98%

|I|=3 4.94 Hours 3.4GB 0.67 Hours 39.04 MB 92.63%

|I|=5 7.18 Hours 5.1GB 0.60 Hours 37.08 MB 93.18%

|I|=8 10.64 Hours 7.3GB 0.81 Hours 38.28 MB 92.65%

Table 3.6 : Results of different configurations when prune ResNet-32 on CIFAR-10.

strate the effectiveness of TAS.

The effect of different strategies to differentiate α. We apply our TAS

on CIFAR-100 to prune ResNet-56. We try two different aggregation methods, i.e.,

using our proposed CWI to align feature maps or not. We also try two different

kinds of aggregation weights, i.e., Gumbel-softmax sampling as Eq. (3.11) (denoted

as “sample” in Figure 3.5) and vanilla-softmax as Eq. (3.10) (denoted as “mixture”

in Figure 3.5). Therefore, there are four different strategies, i.e., with/without CWI

combining with Gumbel-softmax/vanilla-softmax. Suppose we do not constrain the

computational cost, then the architecture parameters should be optimized to find

the maximum width and depth. This is because such network will have the max-

imum capacity and result in the best performance on CIFAR-100. We try all four

strategies with and without using the constraint of computational cost. We show the

results in Figure 3.5c and Figure 3.5a. When we do not constrain the FLOPs, our

TAS can successfully find the best architecture should have a maximum width and

depth. However, other three strategies failed. When we use the FLOP constraint,

we can successfully constrain the computational cost in the target range. We also

investigate discrepancy between the highest probability and the second highest prob-
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ability in Figure 3.5d and Figure 3.5b. Theoretically, a higher discrepancy indicates

that the model is more confident to select a certain width, while a lower discrepancy

means that the model is confused and does not know which candidate to select. As

shown in Figure 3.5d, with the training procedure going, our TAS becomes more

confident to select the suitable width. In contrast, strategies without CWI can

not optimize the architecture parameters; and “mixture with CWI” shows a worse

discrepancy than ours.

Comparison w.r.t. structure generated by different methods in Ta-

ble 3.5. “Pre-defined” means pruning a fixed ratio at each layer [149]. “Random

Search” indicates an NAS baseline used in [28]. “TAS†” is our proposed differen-

tiable searching algorithm. We make two observations: (1) searching can find a

better structure using different knowledge transfer methods; (2) our TAS is superior

to the NAS random baseline.

Comparison w.r.t. different knowledge transfer methods in Table 3.5.

The first line in each block does not use any knowledge transfer method. “w/ Init”

indicates using pre-trained unpruned network as initialization. “w/ KD” indicates

using KD. From Table 3.5, knowledge transfer methods can consistently improve the

accuracy of pruned network, even if a simple method is applied (Init). Besides, KD is

robust and improves the pruned network by more than 2% accuracy on CIFAR-100.

Searching width vs. searching depth. We try (1) only searching depth

(“TAS (D)”), (2) only searching width (“TAS (W)”), and (3) searching both depth

and width (“TAS”) in Table 3.7. Results of only searching depth are worse than

results of only searching width. If we jointly search for both depth and width, we can

achieve better accuracy with similar FLOP than both searching depth and searching

width only.

The effect of selecting different numbers of architecture samples I in
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Model Method

CIFAR-10 CIFAR-100

Pruned Model

Accuracy

Accuracy

Drop

FLOPs

(pruning ratio)

Pruned Model

Accuracy

Accuracy

Drop

FLOPs

(pruning ratio)

ResNet-20

LCCL [14] 91.68% 1.06% 2.61E7 (36.0%) 64.66% 2.87% 2.73E7 (33.1%)

SFP [148] 90.83% 1.37% 2.43E7 (42.2%) 64.37% 3.25% 2.43E7 (42.2%)

FPGM [166] 91.09% 1.11% 2.43E7 (42.2%) 66.86% 0.76% 2.43E7 (42.2%)

TAS (D) 90.97% 1.91% 2.19E7 (46.2%) 64.81% 3.88% 2.19E7 (46.2%)

TAS (W) 92.31% 0.57% 1.99E7 (51.3%) 68.08% 0.61% 1.92E7 (52.9%)

TAS 92.88% 0.00% 2.24E7 (45.0%) 68.90% -0.21% 2.24E7 (45.0%)

ResNet-32

LCCL [14] 90.74% 1.59% 4.76E7 (31.2%) 67.39% 2.69% 4.32E7 (37.5%)

SFP [148] 92.08% 0.55% 4.03E7 (41.5%) 68.37% 1.40% 4.03E7 (41.5%)

FPGM [166] 92.31% 0.32% 4.03E7 (41.5%) 68.52% 1.25% 4.03E7 (41.5%)

TAS (D) 91.48% 2.41% 4.08E7 (41.0%) 66.94% 3.66% 4.08E7 (41.0%)

TAS (W) 92.92% 0.96% 3.78E7 (45.4%) 71.74% -1.12% 3.80E7 (45.0%)

TAS 93.16% 0.73% 3.50E7 (49.4%) 72.41% -1.80% 4.25E7 (38.5%)

ResNet-56

PFEC [149] 93.06% -0.02% 9.09E7 (27.6%) − − −

LCCL [14] 92.81% 1.54% 7.81E7 (37.9%) 68.37% 2.96% 7.63E7 (39.3%)

AMC [151] 91.90% 0.90% 6.29E7 (50.0%) − − −

SFP [148] 93.35% 0.56% 5.94E7 (52.6%) 68.79% 2.61% 5.94E7 (52.6%)

FPGM [166] 93.49% 0.42% 5.94E7 (52.6%) 69.66% 1.75% 5.94E7 (52.6%)

TAS 93.69% 0.77% 5.95E7 (52.7%) 72.25% 0.93% 6.12E7 (51.3%)

ResNet-110

LCCL[14] 93.44% 0.19% 1.66E8 (34.2%) 70.78% 2.01% 1.73E8 (31.3%)

PFEC [149] 93.30% 0.20% 1.55E8 (38.6%) − − −

SFP [148] 92.97% 0.70% 1.21E8 (52.3%) 71.28% 2.86% 1.21E8 (52.3%)

FPGM [166] 93.85% -0.17% 1.21E8 (52.3%) 72.55% 1.59% 1.21E8 (52.3%)

TAS 94.33% 0.64% 1.19E8 (53.0%) 73.16% 1.90% 1.20E8 (52.6%)

ResNet-164
LCCL[14] 94.09% 0.45% 1.79E8 (27.40%) 75.26% 0.41% 1.95E8 (21.3%)

TAS 94.00% 1.47% 1.78E8 (28.10%) 77.76% 0.53% 1.71E8 (30.9%)

Table 3.7 : Comparison of different pruning algorithms for ResNet.

Eq. (3.12). We compare different numbers of selected channels in Table 3.6 and

did experiments on a single NVIDIA Tesla V100. The searching time and the GPU

memory usage will increase linearly to |I|. When |I| = 1, since the re-normalized
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probability in Eq. (3.12) becomes a constant scalar of 1, the gradients of parameters

α will become 0 and the searching failed. When |I| > 1, the performance for different

|I| is similar.

The speedup gain. As shown in Table 3.6, TAS can finish the searching

procedure of ResNet-32 in about 3.8 hours on a single V100 GPU . If we use ES or

random searching methods, we need to train network with many different candidate

configurations one by one and then evaluate them to find a best. In this way, much

more computational costs compared to our TAS are required. A possible solution

to accelerate ES or random searching methods is to share parameters of networks

with different configurations [29, 172].

Compared to the state-of-the-art

Results on CIFAR in Table 3.7. We prune different ResNets on both CIFAR-

10 and CIFAR-100. Most previous algorithms perform poorly on CIFAR-100, while

our TAS consistently outperforms then by more than 2% accuracy in most cases.

On CIFAR-10, our TAS outperforms the state-of-the-art algorithms on ResNet-

20,32,56,110. For example, TAS obtains 72.25% accuracy by pruning ResNet-56

on CIFAR-100, which is higher than 69.66% of FPGM [166]. For pruning ResNet-

32 on CIFAR-100, we obtain greater accuracy and less FLOP than the unpruned

network. We obtain a slightly worse performance than LCCL [14] on ResNet-164.

It because there are 8163×183 candidate network structures to searching for pruning

ResNet-164. It is challenging to search over such huge search space, and the very

deep network has the over-fitting problem on CIFAR-10 [20].

Results on ImageNet in Table 3.8. We prune ResNet-18 and ResNet-50 on

ImageNet. For ResNet-18, it takes about 59 hours to search for the pruned network

on 4 NVIDIA Tesla V100 GPUs. The training time of unpruned ResNet-18 costs

about 24 hours, and thus the searching time is acceptable. With more machines
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Model Method
ImageNet Top-1 ImageNet Top-5

FLOPs
Prune

RatioPrune Acc Acc Drop Prune Acc Acc Drop

ResNet-18

LCCL [14] 66.33% 3.65% 86.94% 2.29% 1.19E9 34.6%

SFP [148] 67.10% 3.18% 87.78% 1.85% 1.06E9 41.8%

FPGM [166] 68.41% 1.87% 88.48% 1.15% 1.06E9 41.8%

TAS 69.15% 1.50% 89.19% 0.68% 1.21E9 33.3%

ResNet-50

SFP [148] 74.61% 1.54% 92.06% 0.81% 2.38E9 41.8%

CP [147] - - 90.80% 1.40% 2.04E9 50.0%

AutoSlim [172] 76.00% - - - 3.00E9 26.6%

FPGM [166] 75.50% 0.65% 92.63% 0.21% 2.36E9 42.2%

TAS 76.20% 1.26% 93.07% 0.48% 2.31E9 43.5%

Table 3.8 : Comparison of different pruning algorithms.

and optimized implementation, we can finish TAS with less time cost. We show

competitive results compared to other state-of-the-art pruning algorithms. For ex-

ample, TAS prunes ResNet-50 by 43.5% FLOPs, and the pruned network achieves

76.20% accuracy, which is higher than FPGM by 0.7. Similar improvements can be

found when pruning ResNet-18. Note that we directly apply the hyperparameters

on CIFAR-10 to prune models on ImageNet, and thus TAS can potentially achieve

a better result by carefully tuning parameters on ImageNet.

Our proposed TAS is a preliminary work for the new network pruning pipeline.

This pipeline can be improved by designing more effective searching algorithm and

knowledge transfer method. We hope that future work to explore these two compo-

nents will yield powerful compact networks.
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3.4 Conclusion

In this chapter, firstly, we proposed a Gradient-based searching approach us-

ing Differentiable Architecture Sampling (GDAS) to achieve the second objective in

this thesis (Obj-2, “Design efficient AutoDL algorithm for searching for neural ar-

chitecture topology.”) Later, extensive experiments on the CIFAR-10, CIFAR-100,

ImageNet, PTB, and WT2 datasets demonstrate the effectiveness and efficiency of

our proposed GDAS. These comprehensive evaluations help us to achieve the third

objective (Obj-3, “Systemically evaluate the proposed efficient algorithm on com-

puter vision and natural language processing applications.”). Lastly, we generalized

the idea of differentiable architecture sampling to search for the architecture size,

and proposed a new NAS algorithm – Transformable Architecture Search (TAS). To

evaluate the proposed TAS algorithm, we systematically analyze it on the CIFAR

and ImageNet datasets. Such a generalization achieved the fourth objective (Obj-

4, “Generalize the proposed efficient algorithm to handle both neural architecture

topology and neural architecture size.”).
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Chapter 4

AutoHAS: Differentiable Hyperparameter and
Architecture Search

4.1 Introduction

In the last chapter Chapter 3, we took the first step to solve the efficient search-

ing problem for neural architecture. In this chapter, we target a more challenging

problem, i.e., studying how to jointly search for both hyperparameters and archi-

tectures, aiming to answer the second question described in Chapter 1 – (Q-2 “How

could we design a unified and efficient AutoDL framework?”). We first mathemat-

ically re-formulate the joint searching problem as a bi-level optimization problem,

and then propose a new unified framework for it. As a result, the objective Obj-5

identified in Chapter 1 will be achieved.

NAS has brought significant improvements in many applications, such as machine

perception [173, 97, 174, 175, 176], language modeling [28, 11], and model compres-

sion [151, 145]. Most NAS works apply the same hyperparameters while searching

for network architectures. For example, all models in [33, 177, 98] are trained with

the same optimizer, learning rate, and weight decay. As a result, the relative ranking

of models in the search space is only determined by their architectures. However,

we observe that different models favor different hyperparameters. Table 4.1 shows

the performance of two randomly sampled models with different hyperparameters:

under hyperparameter HP1, model1 outperforms model2, but model2 is better un-

der HP2. These results suggest using fixed hyperparameters in NAS would lead to

sub-optimal results.
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Model1 rank Model2

HP1 (LR=5.5,L2=1.5e-4) 56.9% > 55.6%

HP2 (LR=1.1,L2=8.4e-4) 54.7% < 56.2%

Table 4.1 : ImageNet accuracy of two models randomly sampled from search space

based on MobileNet-V2 [15]. Model1 favors HP1 while Model2 favors HP2.

A natural question is: could we extend NAS to a broader scope for joint Hyper-

parameter and Architecture Search (HAS)? In HAS, each model can potentially be

coupled with its own best hyperparameters, thus achieving better performance than

existing NAS with fixed hyperparameters. However, jointly searching for architec-

tures and hyperparameters is challenging. The first challenge is how to deal with

both categorical and continuous values in the joint HAS search space. While archi-

tecture choices are mostly categorical values (e.g., convolution kernel size), hyperpa-

rameters choices can be both categorical (e.g., the type of optimizer) and continuous

values (e.g., weight decay). There is not yet a good solution to tackle this challenge:

previous NAS methods only focus on categorical search spaces, while hyperparame-

ter optimization methods only focus on continuous search spaces. They thus cannot

be directly applied to such a mixture of categorical and continuous search space.

Secondly, another critical challenge is how to efficiently search over the larger joint

HAS search space as it combines both architecture and hyperparameter choices.

In this chapter, we propose AutoHAS , a differentiable HAS algorithm. It is, to

the best of our knowledge, the first algorithm that can efficiently handle the large

joint HAS search space. To address the mixture of categorical and continuous search

spaces, we first discretize the continuous hyperparameters into a linear combination

of multiple categorical basis, then we can unify them during search. As explained

below, we will use a differentiable method to search over the combination, i.e., archi-
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Fi g ur e 4. 1 :  T h e  A ut o H A S fr a m e w or k.

t e ct ur e a n d  H P e n c o di n gs i n  Fi g ur e 4. 1.  T h es e e n c o di n gs r e pr es e nt t h e pr o b a bilit y

distri b uti o n o v er all c a n di d at es i n t h e r es p e cti v e s p a c e.  T h e y c a n b e us e d t o fi n d

t h e b est ar c hit e ct ur e t o g et h er  wit h its ass o ci at e d h y p er p ar a m et ers.

T o e � ci e ntl y n a vi g at e t h e  m u c h l ar g er s e ar c h s p a c e,  w e f urt h er i ntr o d u c e a

n o v el  w ei g ht s h ari n g t e c h ni q u e f or A ut o H A S .  Wei g ht s h ari n g h as b e e n  wi d el y us e d

i n pr e vi o us  N A S a p pr o a c h es [ 2 9, 2 8] t o r e d u c e t h e s e ar c h c ost.  T h e  m ai n i d e a is t o

tr ai n a S u p er M o d el,  w h er e e a c h c a n di d at e i n t h e ar c hit e ct ur e s p a c e is its s u b- m o d el.

Usi n g a S u p er M o d el c a n a v oi d tr ai ni n g  milli o ns of c a n di d at es fr o m s cr at c h [ 2 8, 1 1,

7 2, 2 9].  M oti v at e d b y t h e  w ei g ht s h ari n g i n  N A S, A ut o H A S e xt e n ds its s c o p e fr o m

ar c hit e ct ur e s e ar c h t o b ot h ar c hit e ct ur e a n d h y p er p ar a m et er s e ar c h.  We n ot o nl y

s h ar e t h e  w ei g hts of t h e S u p er M o d el  wit h e a c h ar c hit e ct ur e b ut als o s h ar e t his

S u p er M o d el a cr oss h y p er p ar a m et ers.  At e a c h s e ar c h st e p, A ut o H A S o pti mi z es t h e

s h ar e d S u p er M o d el b y a c o m bi n ati o n of t h e b asis of  H A S s p a c e, a n d t h e s h ar e d

S u p er M o d el s er v es as a g o o d i niti ali z ati o n f or all h y p er p ar a m et ers at t h e n e xt st e p

of s e ar c h (s e e  Fi g ur e 4. 1 a n d S e cti o n 4. 2).

I n t his c h a pt er,  w e f o c us o n ar c hit e ct ur e, l e ar ni n g r at e, a n d  L 2 p e n alt y  w ei g ht

o pti mi z ati o n, b ut it s h o ul d b e str ai g htf or w ar d t o a p pl y A ut o H A S t o ot h er h y p er-
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zoom in

Figure 4.2 : AutoHAS achieves higher accuracy with 10× less search cost than other

AutoML methods.

parameters. A summary of our results is in Figure 4.2, which shows that AutoHAS

outperforms many AutoML methods regarding both accuracy and efficiency (more

details in Section 4.3.3). In Section 4.3, we show that it improves a number of

computer vision and natural language processing models, i.e., MobileNet-V2 [15],

ResNet [20], EfficientNet [177], and BERT fine-tuning [178].

4.2 Methodology

In this section, we will elaborate on the core ideas of AutoHAS . We provide

some background of HAS in Section 4.2.1, and then introduce how to unify the joint

categorical and continuous search space in Section 4.2.2. Afterwards, we describe

an efficient AutoHAS searching algorithm in Section 4.2.3 and show how to derive

the final hyperparameters and architecture in Section 4.2.4.

4.2.1 Preliminaries

HAS aims to find architecture α and hyperparameters h that achieve high per-

formance on the validation set. HAS can be formulated as a bi-level optimization
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problem:

min
α,h

L(α, h,ω∗

α,Dval) s.t. ω∗

α = fh(α,ω
0
α,Dtrain), (4.1)

where L indicates the objective function (e.g., cross-entropy loss) and ω
0
α indicates

the initial weights of the architecture α. Dtrain and Dval denote the training data and

the validation data, respectively. fh represents the algorithm with hyperparameters

h to obtain the optimal weights ω
∗

α, such as using SGD to minimize the training

loss. In that case, ω∗

α = fh(α,ω0
α,Dtrain) = argminωα

L(α, h,ω0
α,Dtrain). We can also

use HyperNetwork [56] to generate weights ω∗

α.

HAS generalizes both NAS and HPO by introducing a broader search space. On

one-hand, NAS is a special case of HAS, where the inner optimization fh(α,ω0
α,Dtrain)

uses fixed α and h to optimize minω L(α, h,ω,Dtrain). On the other, HPO is a special

case of HAS, where α is fixed in Eq. (4.1).

4.2.2 Representation of the HAS Search Space in AutoHAS

The search space of HAS in AutoHAS is a Cartesian product of the architecture

and hyperparameter candidates. To search over this mixed search space, we need a

unified representation of different searchable components, i.e., architectures, learning

rates, optimizers, etc.

Architectures Search Space. We use the simplest case as an example. First of

all, let the set of predefined candidate operations (e.g., 3x3 convolution, pooling, etc.)

be O = {O1, O2, ..., On}, where the cardinality of O is n. Suppose an architecture

is constructed by stacking multiple layers, each layer takes a tensor F as input and

output π(F ), which serves as the next layer’s input. π ∈ O denotes the operation

at a layer and might be different at different layers. Then a candidate architecture

α is essentially the sequence for all layers {π}. Further, a layer can be represented
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as a linear combination of the operations in O as follows:

π(F ) =
∑n

i=1
P

α
i Oi(F ) s.t. Pα

i ∈ {0, 1},
∑n

i=1
P

α
i = 1, (4.2)

where P
α
i (the i-th element of the vector Pα) is the coefficient of operation Oi for

a layer. We call the set of all coefficients A = {Pα for all layers} the architecture

encoding, which can then represent the search space of the architecture.

Hyperparameter Search Space. Now we can define the hyperparameter

search space in a similar way. The major difference is that we have to consider both

categorical and continuous cases:

h =
∑m

i=1
P

h
i Bi s.t.

∑m

i=1
P

h
i = 1, P

h
i ∈






[0, 1], if continuous

{0, 1}, if categorical

(4.3)

where B is a predefined set of hyperparameter basis with the cardinality of m and

Bi is the i-th basis in B. P
h
i (the i-th element of the vector P

h) is the coefficient

of hyperparameter basis Bi. If we have a continuous hyperparameter, we have to

discretize it into a linear combination of basis and unify both categorical and con-

tinuous. For example, for weight decay, B could be {1e-1, 1e-2, 1e-3}, and therefore,

all possible weight decay values can be represented as a linear combination over B.

For categorical hyperparameters, taking the optimizer as an example, B could be

{Adam, SGD, RMSProp}. In this case, a constraint on P
h
i is applied: P h

i ∈ {0, 1}

as in Eq. (4.3). When there are multiple different types of hyperparameters, each

of them will have their own P
h. The hyperparameter basis becomes the Cartesian

product of their own basis and the coefficient is the product of the corresponding

P
h
i . We name the set of all coefficients H = {P h for all types of hyperparameter}

the hyperparameter encoding, which can then represent the search space of hyper-

parameters.
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4.2.3 Automated Hyperparameter and Architecture Search

Since each candidate in the HAS search space can be represented by a pair of

H and A, the searching problem is converted to optimizing the encoding H and

A. However, it is computationally prohibitive to compute the exact gradient of

L(α, h,ω∗

α,Dval) in Eq. (4.1) w.r.t. H and A. Alternatively, we propose a simple

approximation strategy with weight sharing to accelerate this procedure.

First of all, we leverage a SuperModel to share weights among all candidate

architectures in the architecture space, where each candidate is a sub-model in this

SuperModel [29, 28]. The weights of the SuperModel W is the union of weights of

all basis operations in each layer. The weights ωα of an architecture α can thus be

represented by Wα, a subset of W . Computing the exact gradients of L w.r.t. H

and A requires back-propagating through the initial network state W0
α, which is too

expensive. Inspired by [28, 29], we approximate it using the current SuperModel

weight W as follows:

∇A,HL(α, h,ω∗

α,Dval) ≈ ∇A,HL(α, h, fh(α,Wα,Dtrain),Dval), (4.4)

Ideally, we should back-propagate L through fh to modify the encodingH. However,

fh might be a complex optimization algorithm and not allow back-propagation. To

solve this problem, we regard f as a black-box function and reformulate fh as follows:

fh(α,Wα,Dtrain) ≈
∑m

i=1
P

h
i fBi(α,Wα,Dtrain), (4.5)

In this way, fh(α,Wα,Dtrain) is calculated as a weighted sum of P h
i and generated

weights from fBi .

In practice, it is not easy to directly optimize the encodings A and H, because

they naturally have some constraints associated with them, such as Eq. (4.3). In-

spired by the continuous relaxation [28, 11], we instead use another set of relaxed

variables Ã = {P̃α for all layers} and H̃ = {P̃ h for all types of hyperparameters}
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to calculate A and H. P̃
α and P̃

h have the same dimension as P
α and P

h. The

calculation procedure encapsulates the constraints of Pα and P
h in Eq. (4.2) and

Eq. (4.3) as follows:

P
h = one hot(argmaxj sP h

j ), (4.6)

sP h
i =

exp((P̂ h
i + oi)/τ)∑

k exp((P̂
h
k + ok)/τ)

, where P̂
h
i =

exp(P̃ h
i )∑

k exp(P̃
h
k )

, (4.7)

ok = − log(− log(u)), where u ∼ Uniform[0, 1], (4.8)

where P
h is computed by applying the Gumbel-Softmax function [65, 128] on P̃

h.

τ is a temperature value and ok are i.i.d samples drawn from Gumbel (0,1). The

Gumbel-Softmax in Eq. (4.7) incorporates the stochastic procedure during search.

It can help explore more candidates in the HAS search space and avoid over-fitting

to some sub-optimal architecture and hyperparameters. We use the same proce-

dure as Eq. (4.6)∼(4.8) to define sPα and P̂
α for architecture encodings. Ideally,

the encodings should be optimized with Eq. (4.6) by back-propagation, but unfor-

tunately one-hot encodings P h and P
α are not differentiable. To address this issue,

we follow [11, 65, 128] to relax the one-hot encodings: in the forward pass, we use

one-hot encodings P h to compute validation loss, but in the backward pass, we apply

relaxation on P
h and substitute ∂Ph

∂ sPh by ∂ sPh

∂P̂h
during back-propagation.

We describe our AutoHAS algorithm in Algorithm 3. During search, we jointly

optimize W and (Ã, H̃) in an iterative way. The W is updated as follows:

Wα ← fh(α,Wα,Dtrain), (4.9)

where fh is a training algorithm: in our experiments, it is implemented as minimizing

the training loss with respect to hyperparameter h by one step. Notably, in Eq. (4.9),

h is computed by H̃ and α is computed by Ã.
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4.2.4 Deriving Hyperparameters and Architecture

Algorithm 3 The AutoHAS Algorithm

Input: Randomly initialize W

Input: Randomly initialize (Ã, H̃)

Input: Split the available data into two disjoint sets: Dtrain and Dval

1: while not converged do

2: Update weights W via Eq. (4.9)

3: Optimize (Ã, H̃) via Eq. (4.4)∼(4.8)

4: end while

5: Derive the final architecture from Ã and hyperparameters from H̃

After obtaining the optimized encoding of architecture Ã = {P̃ α} and hyperpa-

rameters H̃ = {P̃ h} following Section 4.2.3, we use them to derive the final archi-

tecture and hyperparameters. For hyperparameters, we apply different strategies to

the continuous and categorical values:

P
h =






P̂
h if continuous

one hot(argmaxi P̂
h
i ) if categorical

, (4.10)

For architectures, since all values are categorical, we apply the same strategy in

Eq. (4.10) for categorical values.

Notably, unlike other fixed hyperparameters, the learning rate can have different

values at each training step, so it is a list of continuous values instead of a single

scalar. To deal with this special case, we use Eq. (4.10) to derive the continuous

learning rate value at each searching step, such that we can obtain a list of learning

rate values corresponding to each specific step.

After we derive the final architecture and hyperparameters as in Algorithm 3,

we will use the searched hyperparameters to re-train the searched architecture.
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4.3 Experiments

4.3.1 Experimental Settings

Datasets. We demonstrate the effectiveness of our AutoHAS on five vision

datasets, i.e., ImageNet [179], Birdsnap [180], CIFAR-10, CIFAR-100 [132], and

Cars [181], and a NLP dataset, i.e., SQuAD 1.1 [182].

Searching settings. We call the hyperparameters that control the behavior of

AutoHAS as meta hyperparameters. For the meta hyperparameters, we set τ = 10

in Gumbel-Softmax and employ Adam optimizer with a fixed learning rate 0.002.

Notably, we use the same meta hyperparameters for all search experiments. The

number of searching epochs and batch size are set to be the same as in the training

settings of baseline models, i.e., they can be different for different baseline models.

When searching for MBConv-based models [60, 15], we search for the kernel size

from {3, 5, 7} and the expansion ratio from {3, 6}. For vision tasks, the hyper-

parameter basis for the continuous value is the product of the default value and

multipliers {0.1, 0.25, 0.5, 0.75, 1.0, 2.5, 5.0, 7.5, 10.0}. For the NLP task, we use

smaller multipliers {0.01, 0.05, 0.1, 0.5, 1.0, 1.2, 1.5} since they are for fine-tuning on

top of pretrained models. If a model has a default learning rate schedule, we create

a range of values around the default learning rate at each step and use AutoHAS to

find the best learning rate at each step.

Training settings. On vision datasets, we use six models, i.e., three variants

of MobileNet-V2 (MNet2), EfficientNet-A0 (ENet-A0), ResNet-18, and ResNet-50.

We use the batch size of 4096 for ImageNet and 1024 for other vision datasets. We

use the same data augmentation as shown in [20]. On the NLP dataset SQuAD,

we fine-tune the pretrained BERTLARGE model and follow the setting of [178]. The

number of training epochs is different for different datasets, and we will explain

their details later. For learning rate and weight decay, we use the values found by
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Figure 4.3 : AutoHAS found different learning rate and weight of L2 penalty for

different models.

AutoHAS .

4.3.2 Ablation Studies

Searching Strategy Deriving Strategy MNet2 (S0) MNet

Softmax Eq. (4.6) 44.0% 63.5%

Gumbel-Softmax (soft) Eq. (4.6) 45.5% 65.2%

Gumbel-Softmax (hard) Eq. (4.6) 45.9% 66.4%

Softmax Eq. (4.10) 40.8% 61.4%

Gumbel-Softmax (soft) Eq. (4.10) 41.5% 67.0%

Gumbel-Softmax (hard) Eq. (4.10) 46.3% 67.5%

Table 4.2 : We analyze different strategies used in AutoHAS .

We did a series of experiments to study the effect of (I) different searching

strategies; (II) different deriving strategies; (III) AutoHAS -searched vs. manually

tuned hyperparameters.

The effect of searching strategies. One of the key questions in searching

is how to relax and optimize the architecture and hyperparameter encoding. Our
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AutoHAS leverages Gumbel-Softmax in Eq. (4.7) to stochastically explore different

hyperparameter and architecture basis. We evaluate two different variants in Ta-

ble 4.2. “Softmax” does not add the Gumbel distributed noise and performs poorly

compared to using Gumbel-Softmax. This strategy has an over-fitting problem,

which is also found in NAS [11, 81, 6, 176]. “GS (soft)” does not use the one-hot

vector in Eq. (4.7) and thus it will explore too many hyperparameters during search-

ing. As a result, its optimization might become difficult and the found are worse

than AutoHAS .

The effect of deriving strategies. We evaluate two kinds of strategies to

derive the final hyperparameters and architectures. The vanilla strategy is to fol-

low previous NAS methods: selecting the basis hyperparameters with the maximal

probability. However, it does not work well for the continuous choices. As shown in

Table 4.2, our proposed strategy “GS (hard) + Eq. (4.10)” can improve the accuracy

by 1.1% compared to the vanilla strategy “GS (hard) + Eq. (4.6)”.

Searched hyperparameters vs. manually tuned hyperparameters. We

show the searched and manually tuned hyperparameters in Figure 4.3. For the

weight of L2 penalty, it is interesting that AutoHAS indicates using large penalty

for the large models (ResNet) at the beginning and decay it to a smaller value at the

end of searching. For manual tuning, you need to tune every model one by one to

obtain their optimal hyperparameters. In contrast, AutoHAS only requires to tune

two meta hyperparameters, in which it can successfully find good hyperparameters

for tens of models. Besides, some hyperparameters, such as learning rate, are dy-

namically changed for every training step. It is hard for human to tune its per-step

value, while AutoHAS can deal with such hyperparameters.
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4.3.3 AutoHAS for Vision Datasets

ImageNet: We first apply AutoHAS to ImageNet and compare the perfor-

mance with previous AutoML algorithms. We choose the hyperparameters used for

ResNet [20] as our default hyperparameters: warm-up the learning rate at the first 5

epochs from 0 to 0.1× batch size
256 and decay it to 0 via cosine annealing schedule [183];

use the weight of L2 penalty as 1e-4. Since these hyperparameters have been heavily

tuned by human experts, there is limited headroom to improve. Therefore, we study

how to train a model to achieve a good performance in shorter time, i.e., 30 epochs.

Table 4.3 and Table 4.4 shows the performance comparison. There are some

interesting observations: (I) AutoHAS is applicable to searching for almost all kinds

of hyperparameters and architectures, while previous hyper-gradient based meth-

ods [48, 92] can only be applied to some hyperparameters. (II) AutoHAS shows

improvements in seven different representative models, including both light-weight

and heavy models. (III) The found hyperparameters by AutoHAS outperform the

(default) manually tuned hyperparameters. (IV) The found hyperparameters by

AutoHAS outperform that found by other AutoML algorithms. (V) Searching over

the large joint HAS search space can obtain better results compared to searching for

hyperparameters only. (VI) Gradient-based AutoML algorithms are more efficient

than black-box optimization methods, such as random search and vizier.

Smaller datastes: To analyze the effect of architecture and hyperparameters,

we compare AutoHAS with two variants: searching for architecture only, i.e., GDAS

(Arch), and searching for hyperparameters only, i.e., AutoHAS (HP). The results on

four datasets are shown in Table 4.5. On Birdsnap and Cars, AutoHAS significantly

outperforms GDAS (Arch) and AutoHAS (HP). On CIFAR-100, the accuracy of

AutoHAS is similar to GDAS (Arch) and AutoHAS (HP), while all of them out-

perform the default. On CIFAR-10, the accuracy of auto-tuned architecture or



67

Type Model
Searching Methods

default HP RS [24] Vizier [117] IFT [48] HGD [92] AutoHAS

LR

MNet2 (S0) 44.6±0.6 12.3±8.7 6.1±4.5 N/A 29.6±2.1 44.8±0.4

MNet2 (T0) 52.4±0.5 17.5±3.0 14.3±20.0 N/A 33.0±4.4 52.0±0.2

MNet2 66.8±0.2 38.9±5.6 49.0±3.6 N/A 49.1±4.6 66.9±0.1

ENet-A0 60.8±0.0 46.6±1.2 50.8±0.8 N/A 50.0±1.4 61.0±0.0

ResNet-18 67.6±0.1 60.4±1.2 63.5±0.2 N/A 56.3±0.5 67.9±0.2

ResNet-50 74.8±0.1 67.2±0.1 71.1±0.3 N/A 62.3±0.3 75.2±0.1

L2

MNet2 (S0) 44.6±0.6 45.9±0.7 46.3±0.2 46.2±0.1 N/A 46.3±0.1

MNet2 (T0) 52.4±0.5 52.2±0.0 52.4±0.4 52.5±0.2 N/A 53.5±0.3

MNet2 66.8±0.2 66.4±0.8 67.0±0.2 66.4±0.2 N/A 67.5±0.1

ENet-A0 60.8±0.0 60.0±2.0 62.0±0.2 61.1±0.2 N/A 62.2±0.1

ResNet-18 67.6±0.1 67.9±0.2 67.6±0.1 66.6±0.3 N/A 67.9±0.0

ResNet-50 74.8±0.1 75.0±0.1 74.8±0.1 73.1±0.4 N/A 75.0±0.1

LR

+L2

MNet2 (S0) 44.6±0.6 13.1±10.9 15.2±7.3 N/A N/A 45.7±0.3

MNet2 (T0) 52.4±0.5 29.3±20.6 30.2±15.9 N/A N/A 53.8±0.2

MNet2 66.8±0.2 21.6±15.1 25.2±14.6 N/A N/A 67.3±0.1

ENet-A0 60.8±0.0 47.3±4.7 49.3±2.4 N/A N/A 61.5±0.1

ResNet-18 67.6±0.1 54.2±8.5 53.5±0.5 N/A N/A 67.8±0.0

ResNet-50 74.8±0.1 67.4±4.7 66.7±1.9 N/A N/A 74.8±0.1

A+LR

+L2

MNet2 (S0) 44.6±0.6 22.4±12.4 25.4±4.1 46.4±0.4 N/A 47.5±0.3

ENet-A0 60.8±0.0 53.4±5.7 56.4±3.9 61.8±0.5 N/A 62.9±0.2

Table 4.3 : We compare four AutoML algorithms on four search spaces.

hyperparameters is similar or slightly lower than the default. It might because the

default choices are close to the optimal solution in the current HAS search space on

CIFAR-10.
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Model
Parameters FLOPs Train Time Searching Methods

(MB) (M) (seconds) RS / Vizier IFT-Neumann HGD AutoHAS

MNet2 (S0) 1.49 35.0 2.0e3 1.9e4 (9.4×) 2.0e3 (1.0×) 2.6e3 (1.3×) 2.8e3 (1.4×)

MNet2 (T0) 1.77 89.5 2.1e3 2.0e4 (9.3×) 2.5e3 (1.2×) 4.1e3 (2.0×) 2.4e3 (1.2×)

MNet2 3.51 307.3 2.4e3 1.8e4 (7.5×) 5.7e3 (2.3×) 2.5e3 (1.1×) 4.7e3 (1.9×)

ENet-A0 2.17 76.2 1.4e3 1.2e4 (8.7×) 2.2e3 (1.6×) 1.9e3 (1.4×) 2.2e3 (1.6×)

ResNet-18 11.69 1818 2.0e3 1.9e4 (9.6×) 2.7e3 (1.4×) 2.2e3 (1.1×) 2.2e3 (1.1×)

ResNet-50 25.56 4104 2.6e3 2.0e4 (7.6×) 2.9e3 (1.1×) 2.8e3 (1.1×) 2.8e3 (1.1×)

Table 4.4 : We report the computational costs of each model and the searching costs

of each AutoML algorithm on ImageNet.

Birdsnap CIFAR-10 CIFAR-100 Cars

default 51.7±0.7 93.9±0.2 75.7±0.2 72.0±0.8

GDAS (Arch) [11] 55.8±0.6 93.5±0.0 76.4±0.5 77.0±2.5

AutoHAS (HP) 54.4±0.7 93.9±0.1 76.0±0.1 77.7±0.1

AutoHAS (HP+Arch) 56.5±0.9 93.7±0.3 76.0±0.4 80.3±0.5

Table 4.5 : We use AutoHAS to search for hyperparameters (HP), architectures

(Arch), and both hyperparameters and architectures (HP+Arch).

4.3.4 AutoHAS for SQuAD

To further validate the generalizability of AutoHAS , we also conduct experiments

on a reading comprehension dataset in the NLP domain, i.e., SQuAD 1.1 [182]. We

pretrain a BERTLARGE model following [178] and then apply AutoHAS when fine-

tuning it on SQuAD 1.1. In particular, we search the per-step learning rate and

weight decay of Adam. For AutoHAS , we split the training set of SQUAD 1.1

into 80% for training and 20% validation. In Figure 4.4, we show the results on

the dev set, and compare the default setup in [178] with hyperparameters found
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Figure 4.4 : Performance comparison on SQuAD 1.1.

by AutoHAS . We vary the fine-tuning steps from 2K to 22K and each setting is

run 5 times. We can see that AutoHAS is superior to the default hyperparameters

under most of the circumstances, in terms of both F1 and exact match (EM) scores.

Notably, the average gain on F1 over all the steps is 0.3, which is highly nontrivial.

4.4 Conclusion

In this chapter, we study the joint search of hyperparameters and architectures.

Our framework overcomes the unrealistic assumptions in NAS that the relative rank-

ing of models’ performance is primarily affected by their architecture. To address

the challenge of joint search, we proposed AutoHAS , i.e., an efficient and differen-

tiable searching algorithm for both hyperparameters and architecture. AutoHAS

represents the hyperparameters and architectures in a unified way to handle the

mixture of categorical and continuous values of the search space. AutoHAS shares

weights across all hyperparameters and architectures, which enable it to search ef-

ficiently over the joint large search space. Experiments on both large-scale vision

and NLP datasets demonstrate the effectiveness of AutoHAS . With the help of this
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general framework AutoHAS, we achieved the fifth objective (Obj-5, “Generalize

the proposed efficient algorithm from the search for the architecture only to also

include the hyperparameters.”).
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Chapter 5

Benchmarks for Automated Deep Learning

5.1 Introduction

In this chapter, we study the foundation of AutoDL, aiming to answer the third

question described in Chapter 1 – (Q-3 “How could we enable reproducible Au-

toDL?”). By building a large-scale architecture dataset and benchmarking tens of

AutoDL algorithms, we will achieve the objective Obj-6 identified in Chapter 1.

Recently, a variety of NAS algorithms have been increasingly proposed. While

these NAS techniques are methodically designed and show promising improvements,

many setups in their algorithms are different. (1) Different search space is utilized,

e.g., range of macro skeletons of the whole architecture [54, 60] and a different opera-

tion set for the micro cell within the skeleton [29], etc. (2) After a good architecture

is selected, various strategies can be employed to train this architecture and report

the performance, e.g., different data augmentation [184, 185], different regulariza-

tion [54], different scheduler [40], and different selections of hyperparameters [73, 9].

(3) The validation set for testing the performance of the selected architecture is not

split in the same way [28, 29]. These discrepancies cause a problem when comparing

the performance of various NAS algorithms, making it difficult to conclude their

relative contributions.

In response to this challenge, NAS-Bench-101 [98] and NAS-HPO-Bench [95]

were proposed. However, some NAS algorithms cannot be applied directly on NAS-

Bench-101, and NAS-HPO-Bench only has 144 candidate architectures which may

be insufficient to comprehensively evaluate NAS algorithms. NAS-Bench-1shot1 [99]
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l a y er f oll o wi n g [ 8].
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In St, we search for the operation assigned on each edge, and thus its size is

related to the number of nodes defined for the DAG and the size of the operation

set. We choose 4 nodes and 5 representative operation candidates for the operation

set, which generates a total search space of 15,625 cells/architectures. In Ss, we

search for the number of channels in each layer (i.e., convolution, cell, or block). We

pre-define 8 candidates for the number of channels, which generates a total search

space of 85 = 32768 architectures (see more details in the top part of Figure 5.1. Each

architecture in St and Ss is trained multiple times on three different datasets. The

training log and performance of each architecture are provided for each run. The

training accuracy/test accuracy/training loss/test loss after every training epoch

for each architecture plus the number of parameters and floating point operations

(FLOPs) are accessible.

NATS-Bench has shown its value in the field of NAS research. (1) It provides the

first benchmark to study the architecture size. (2) It provides a unified benchmark

for most up-to-date NAS algorithms including all cell-based NAS methods. With

NATS-Bench, researchers can focus on designing robust searching algorithm while

avoiding tedious hyperparameter tuning of the searched architecture. Thus, NATS-

Bench provides a relatively fair benchmark for the comparison of different NAS

algorithms. (3) It provides the full training log of each architecture. Unnecessary

repetitive training procedure of each selected architecture can be avoided [73, 33]

so that researchers can target on the essence of NAS, i.e., search algorithm. An-

other benefit is that the validation time for NAS largely decreases when testing

in NATS-Bench, which provides a computational power friendly environment for

more participation in NAS. (4) It provides results of each architecture on multi-

ple datasets. The model transferability can be thoroughly evaluated for most NAS

algorithms. (5) In NATS-Bench, we provide systematic analysis of the proposed

search space. We also evaluate 13 recent advanced NAS algorithms including rein-
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forcement learning (RL)-based methods, evolutionary strategy (ES)-based methods,

differentiable-based methods, etc. Our empirical analysis can bring some insights to

the future designs of NAS algorithms.

#Unique

DNNs
#Datasets

Diagnostic

Information

Search

Space

Supported NAS algorithms

RL ES Di↵. HPO

NAS-Bench-101 423k 1 7 topology partial partial none most

St in NATS-Bench 6.5k 3 fine-grained accuracy

and loss, parameters, etc

topology all all all most

Ss in NATS-Bench 32.8k 3 size all all most most

Table 5.1 : We summarize the important characteristics of NAS-Bench-101 and

NATS-Bench.

5.2 NATS-Bench

Our NATS-Bench is algorithm-agnostic. Put simply, it is applicable to almost

any up-to-date NAS algorithm. In this section, we will briefly introduce our NATS-

Bench. The search space of NATS-Bench is inspired by cell-based NAS algorithms

(Section 5.2.1). NATS-Bench evaluates each architecture on three different datasets

(Section 5.2.2). All implementation details of NATS-Bench are introduced in Sec-

tion 5.2.3. NATS-Bench also provides some diagnostic information which can be

used for potentially better designs of future NAS algorithms (discussed in Sec-

tion 5.2.4).

5.2.1 Architectures in the Search Space

Macro Skeleton. Our search space follows the design of its counterpart as

used in the recent neural cell-based NAS algorithms [28, 54, 29]. As shown in the

middle part of Figure 5.1, the skeleton is initiated with one 3-by-3 convolution

with 16 output channels and a batch normalization layer [171]. The main body of
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the skeleton includes three stacks of cells, connected by a residual block. All cells

in an architecture has the same topology. The intermediate residual block is the

basic residual block with a stride of 2 [20], which serves to down-sample the spatial

size and double the channels of an input feature map. The shortcut path in this

residual block consists of a 2-by-2 average pooling layer with stride of 2 and a 1-by-1

convolution. The skeleton ends up with a global average pooling layer to flatten the

feature map into a feature vector. The classification uses a fully connected layer

with a softmax layer to transform the feature vector into the final prediction.

The Topology Search Space St. The topology search space is inspired by the

popular cell-based NAS algorithms [11, 28, 54]. Since all cells in an architecture have

the same topology, an architecture candidate in St corresponds to a different cell,

which is represented as a densely connected DAG. The densely connected DAG is

obtained by assigning a direction from the i-th node to the j-th node (i < j) for each

edge in an undirected complete graph. Each edge in this DAG is associated with an

operation transforming the feature map from the source node to the target node.

All possible operations are selected from a predefined operation set, as shown in

Figure 5.1(bottom-right). In our NATS-Bench, the predefined operation set O has

L = 5 representative operations: (1) zeroize, (2) skip connection, (3) 1-by-1 convolu-

tion, (4) 3-by-3 convolution, and (5) 3-by-3 average pooling layer. The convolution in

this operation set is an abbreviation of an operation sequence of ReLU, convolution,

and batch normalization. The DAG has V = 4 nodes, where each node represents

the sum of all feature maps transformed through the associated operations of the

edges pointing to this node. We choose V = 4 to allow the search space to contain

basic residual block-like cells, which require 4 nodes. Densely connected DAG does

not restrict the searched topology of the cell to be densely connected, since we include

zeroize in the operation set, which is an operation of dropping the associated edge.

We do not impose the constraint on the maximum number of edges [98], and thus St
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optimizer Nesterov learning rate (LR) momentum weight decay batch size norm random flip random crop epoch

value SGD X cosine decay LR from 0.1 to 0 0.9 0.0005 256 X p=0.5 X 12

Table 5.2 : The training hyperparameters H0 for all candidate architectures in the

size search space Ss and the topology search space St.

is applicable to most NAS algorithms, including all cell-based NAS algorithms. For

each architecture in St, each cell is stacked N = 5 times, with the number of output

channels set to 16, 32 and 64 for the first, second and third stages, respectively.

The Size Search Space Ss. The size search space is inspired by transformable

architecture search methods [8, 186, 151]. In the size search space, every stack in

each architecture is constructed by stackingN = 1 cell. All cells in every architecture

have the same topology, which is the best one in St on the CIFAR-100 dataset. Each

architecture candidate in Ss has a different configuration regarding the number of

channels in each layer.† We build the size search space Ss to include the largest

number of channels in St. Therefore, the number of channels in each layer is chosen

from {8, 16, 24, 32, 40, 48, 56, 64}. Therefore, the size search space Ss has 85 =

32768 architecture candidates.

5.2.2 Datasets

We train and evaluate each architecture on CIFAR-10, CIFAR-100 [132], and

ImageNet-16-120 [187]. We choose these three datasets because CIFAR and Ima-

geNet [133] are the most popular image classification datasets.

We split each dataset into training, validation and test sets to provide a consis-

tent training and evaluation settings for previous NAS algorithms [28]. Most NAS

methods use the validation set to evaluate architectures after the architecture is op-

†A layer could be the stem 3-by-3 convolutional layer, the cell, or the residual block.
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timized on the training set. The validation performance of the architectures serves

as the supervision signals to update the searching algorithm. The test set is to eval-

uate the performance of each searching algorithm by comparing the indicators (e.g.,

accuracy, #parameters, speed) of their selected architectures. Previous methods use

different splitting strategies, which may result in various searching costs and unfair

comparisons. We hope to use the proposed splits to unify the training, validation

and test sets for a fairer comparison.

CIFAR-10: It is a standard image classification dataset and consists of 60K

32×32 colour images in 10 classes. The original training set contains 50K images,

with 5K images per class. The original test set contains 10K images, with 1K im-

ages per class. Due to the need of validation set, we split all 50K training images in

CIFAR-10 into two groups. Each group contains 25K images with 10 classes. We re-

gard the first group as the new training set and the second group as the validation set.

CIFAR-100: This dataset is just like CIFAR-10. It has the same images as

CIFAR-10 but categorizes each image into 100 fine-grained classes. The original

training set on CIFAR-100 has 50K images, and the original test set has 10K im-

ages. We randomly split the original test set into two groups of equal size — 5K

images per group. One group is regarded as the validation set, and another one is

regarded as the new test set.

ImageNet-16-120: We build ImageNet-16-120 from the down-sampled variant

of ImageNet (ImageNet16×16). As indicated in [187], down-sampling images in Ima-

geNet can largely reduce the computation costs for optimal hyperparameters of some

classical models while maintaining similar searching results. [187] down-sampled the

original ImageNet to 16×16 pixels to form ImageNet16×16, from which we select

all images with label ∈ [1, 120] to construct ImageNet-16-120. In sum, ImageNet-

16-120 contains 151.7K training images, 3K validation images, and 3K test images
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with 120 classes.

By default, in this chapter, “the training set”, “the validation set”, “the test

set” indicate the new training, validation, and test sets, respectively.

5.2.3 Architecture Performance

Training Architectures. In order to unify the performance of every archi-

tecture, we provide the performance of every architecture in our search space. In

our NATS-Bench, we follow previous literature to set up the hyperparameters and

training strategies [54, 40, 20]. We train each architecture with the same strategy,

which is shown in Table 5.2. For simplification, we denote all hyperparameters for

training a model as a set H. We use H0, H1, and H2 to denote the three kinds of

hyperparameters that we use. Specifically, we train each architecture via Nesterov

momentum SGD, using the cross-entropy loss. We set the weight decay to 0.0005

and decay the learning rate from 0.1 to 0 with a cosine annealing [40]. We use the

same H0 on different datasets, except for the data augmentation which is slightly

different due to the image resolution. On the CIFAR datasets, we use the random

flip with probability of 0.5, the random crop 32×32 patch with 4 pixels padding on

each border, and the normalization over RGB channels. On ImageNet-16-120, we

use a similar strategy but with random crop 16×16 patch and 2 pixels padding on

each border. In H0, we train each architecture by 12 epochs, which can be used in

bandit-based algorithms [77, 188]. Since 12 epochs are not sufficient to evaluate the

relative ranking of different architectures, we train each candidate with more epochs

(H1 and H2) to obtain a more accurate ranking. H1 and H2 are the same as H0 but

use 200 epochs and 90 epochs, respectively. In NATS-Bench, we apply H0 and H1

on the topology search space St; and we apply H0 and H2 on the size search space

Ss.

Metrics. We train each architecture with different random seeds on different
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datasets. We evaluate each architecture α after every training epoch. NATS-Bench

provides the training, validation, and test loss as well as accuracy. Users can easily

use our API to query the results of each trial of α, which has negligible computational

costs. In this way, researchers could significantly speed up their searching algorithm

on these datasets and focus solely on the essence of NAS.

5.2.4 Diagnostic Information

Validation accuracy is a commonly used supervision signal for NAS. However,

considering the expensive computational costs for evaluating the architecture, the

signal is too sparse. In our NATS-Bench, we also provide some additional diagnostic

information in a form of extra statistics obtained during training of each architecture.

Collecting these statistics almost involves no extra computation cost but may provide

insights for better designs and training strategies of different NAS algorithms, such

as platform-aware NAS [60], accuracy prediction [83], mutation-based NAS [82, 59],

etc.

Architecture Computational Costs: NATS-Bench provides three computa-

tion metrics for each architecture — the number of parameters, FLOPs, and latency.

Algorithms that focus on searching architectures with computational constraints,

such as models on edge devices, can use these metrics directly in their algorithm

designs without extra calculations. We also provide the training time and evaluation

time for each architecture.

Fine-grained training and evaluation information. NATS-Bench tracks

the changes in loss and accuracy of every architecture after every training epoch.

These fine-grained training and evaluation information often shows the trends re-

lated to the architecture performance and could help with identifying some attributes

of the model, such as the speed of convergence, the stability, the over-fitting or under-

fitting levels, etc. These attributes may benefit the designs of NAS algorithms.
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Besides, some methods learn to predict the final accuracy of an architecture based

on the results of few early training epochs [83]. These algorithms can be trained

faster and the performance of the accuracy prediction can be evaluated using the

fine-grained evaluation information.

Parameters of the optimized architecture. Our NATS-Bench releases the

trained parameters for each architecture. This can provide ground truth label

for hypernetwork-based NAS methods [130, 55], which learn to generate parame-

ters of an architecture. Other methods mutate an architecture to become another

one [76, 82]. With NATS-Bench, researchers could directly use the off-the-shelf

parameters instead of training them from scratch and analyze how to transfer pa-

rameters from one architecture to another.

5.2.5 What/Who can Benefit from NATS-Bench?

Our NATS-Bench provides a unified NAS library for the community and can

benefit NAS algorithms from the perspective of both performance and efficiency.

NAS has been dominated by multi-fidelity based methods [79, 77, 83, 76], which

learn to search based on an approximation of the performance of each candidate in

order to accelerate searching. Running algorithms on our NATS-Bench can reduce

the approximation to an accurate performance via only querying from the database.

This can avoid sub-optimal training because of the inaccurate estimation of the

performance as well as accelerate the training into seconds. Meanwhile, with the

provision of our diagnostic information, such as latency, algorithms trained with

such extra pieces of information can directly fetch them from our codebase with

negligible efforts. Meanwhile, the designs of NAS algorithms can also have more

diversity with the benefit of the diagnostic information and more potential designs

will be discussed in Section 5.5.

In the NAS community, there has been a growing attention to the field of joint
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searching for both topology and size [174, 189]. By benchmarking their sub-modules

for either topology or size on NATS-Bench, it may help researchers to understand

the effectiveness of the sub-modules and give inspirations for ongoing and future

research which lies in this intersection.

NATS-Bench provides a unified codebase – a NAS library – to make the bench-

marking as fair as possible. In this codebase, we share the code implementation for

different algorithms as much as possible. For example, the super network for weight-

sharing methods is reused; the data pipelines for different methods are reused; the

interface of training, forwarding, optimizing for different algorithms is kept the same.

We demonstrate, using 13 state-of-the-art NAS algorithms applied on NATS-Bench,

how the process has been unified through an easy-to-use API. The implementation

difference between DARTS [28] and GDAS [11] is only less than 20 lines of code. Our

library reduces the effect caused by the implementation difference when comparing

different methods. It is also easy to implement new NAS algorithms by reusing and

extending our library. More detailed engineering designs can be found in the docu-

mentation of our released codes. As this part is beyond the scope of this manuscript,

we do not introduce it here.

5.3 Analysis of NATS-Bench

An Overview of Architecture Performance: The performance of each ar-

chitecture in both search spaces St and Ss is shown in Figure 5.3. The training and

test accuracy with respect to the number of parameters and number of FLOPs are

shown in each column, respectively. Results show that a different number of param-

eters or FLOPs will affect the performance of the architectures, which indicates that

the choices of operations are essential in NAS. We also observe that the performance

of the architecture can vary even when the number of parameters or FLOPs stays

the same.
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(a) The relative ranking for the topology

search space St.

(b) The relative ranking for the size

search space Ss.

Figure 5.2 : The ranking of each architecture on three datasets, sorted by the ranking

in CIFAR-10.

These observations indicate the importance of how the operations are connected

and how the number of channels is set. We compare all architectures in St and Ss

with some classical human-designed architectures (orange star marks in Figure 5.3).

(I) Compared to candidates in St, ResNet shows competitive performance in three

datasets, however, it still has room to improve, i.e., about 2% compared to the

best architecture in CIFAR-100 and ImageNet-16-120, about 1% compared to the

best one with the same amount of parameters in CIFAR-100 and ImageNet-16-120.

(II) In many vision tasks, pyramid structure has shown a surprising robustness and

accuracy [190, 191]. Regarding the parameters vs. the accuracy, the candidates

in Ss with a pyramid structure are far from the Pareto optimality. Regarding the

FLOPs vs. the accuracy, the candidates in Ss with a pyramid structure are close to

the Pareto optimality.



83

(a) Results of all candidates in the topology search space St on CIFAR-10.

(b) Results of all candidates in the topology search space St on CIFAR-100.

(c) Results of all candidates in the topology search space St on ImageNet-16-120.

(d) Results of all candidates in the size search space Ss on CIFAR-10.

(e) Results of all candidates in the size search space Ss on CIFAR-100.

(f) Results of all candidates in the size search space Ss on ImageNet-16-120.

Figure 5.3 : The training and test accuracy vs. #parameters and FLOPs.

Architecture Ranking on Three Datasets: The ranking of every architec-

ture in our search space is shown in Figure 5.2, where the architectures ranked
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(a) The relative ranking for the topology search space St.

(b) The relative ranking for the size search space Ss.

Figure 5.4 : The correlation between the validation accuracy and the test accuracy

for all architecture candidates in St and Ss.

in CIFAR-10 (x-axis) are shown in relation to their respective ranks in CIFAR-100

and ImageNet-16-120 (y-axis), indicated by green and red markers respectively. The

performance of the architectures in St shows a generally consistent ranking over the

three datasets with slightly different variance, which serves to test the generality of

the searching algorithm. In contrast, the ranking of architecture candidates in Ss is

quite different. It indicates that the optimal architecture sizes on three datasets are

different.

We compute the validation as well as the test accuracy after training withH1 and

H2 on St and Ss, respectively. Figure 5.4 visualizes their correlation. It shows the
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relative ranking obtained from the validation accuracy is similar to that obtained

using the test accuracy. Thus, it guarantees the upper bounds of the NAS algo-

rithms, because the brute-force strategy can find an architecture that can almost

achieve the highest test accuracy.

We also show the correlation coefficient across different datasets in Figure 5.5.

The correlation dramatically decreases as we only pick the top performing archi-

tecture candidates. When we directly transfer the best architecture in one dataset

to another (i.e. a vanilla strategy), it can not 100% secure a good performance.

This phenomena is a call for better transferable NAS algorithms instead of using

the vanilla strategy.

5.4 Benchmark

5.4.1 Bi-level Optimization of NAS

NAS aims to find architecture α among the search space S so that this found α

achieves a high performance on the validation set. This problem can be formulated

as a bi-level optimization problem:

argmin
α∈S

L(α,ω∗

α,Dval) (5.1)

s.t. ω∗

α = argminωL(α,ω,Dtrain),

where L indicates the objective function (e.g., cross-entropy loss). Dtrain and Dval

denote the training data and the validation data, respectively. In the typical NAS

setting, after an architecture α is found, α will be evaluated on the test data Dtest

to figure out its real performance.

5.4.2 Experimental Setup

We evaluate 13 recent, state-of-the-art searching methods on our NATS-Bench,

which can serve as baselines for future NAS algorithms in our dataset. Specifically,
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(a) The correlation coe�cient for the topology search space St.

(b) The correlation coe�cient for the size search space Ss.

Figure 5.5 : The correlation coefficient between accuracy on different datasets.

we evaluate some typical NAS algorithms: (I) Random Search algorithms, e.g., ran-

dom search (RANDOM) [24], random search with parameter sharing (RSPS) [79].

(II) ES methods, e.g., REA [76]. (III) RL algorithms, e.g., REINFORCE [192],

ENAS [29]. (IV) Differentiable algorithms. e.g., first order DARTS (DARTS-

V1) [28], second order DARTS (DARTS-V2), GDAS [11], SETN [9], TAS [8], FBNet-
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Accelerate the search procedure RANDOM, REINFORCE, REA, and BOHB

Accelerate the evaluation procedure all NAS methods

Table 5.3 : The utility of our NATS-Bench for different NAS algorithms.

(a) Results of NAS algorithms without weight sharing in the topology search space St.

(b) Results of NAS algorithms without weight sharing in the size search space Ss.

Figure 5.6 : The test accuracy of the searched architecture over time.

V2 [189], TuNAS [193]. (V) HPO methods, e.g., BOHB [77].

Among them, RANDOM, REA, REINFORCE, and BOHB are multi-trial based

methods. They can be used to search on both St and Ss search spaces. Espe-

cially, using our API, we can accelerate them to be executed in seconds as shown in

Table 5.3.

Other methods are weight-sharing based methods, in which the evaluation pro-
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cedure can be accelerated by using our API. Notably, DARTS, GDAS, SETN are

specifically designed for the topology search space St. TAS, FBNet-V2, and TuNAS

can be used on the size search space Ss.

5.4.3 Experimental Results

Multi-trial based Methods

We follow the suggested hyperparameters in their original papers to run each

method on our topology search space St and size search space Ss. We run each

experiment 500 times on three datasets and setup a maximum time budget as 2e4

seconds. Every 100 seconds, each method can let us know the current searched

architecture candidate. We use the hyperparameters H0 (12 epochs) to obtain a

validation accuracy for each trial. This validation accuracy serves as the super-

vision/feedback signal for these multi-trial based methods. For BOHB, given its

current budget for a trial, it can early stop before fully training the model using 12

epochs. We plot the averaged accuracy of this searched architecture candidate over

500 runs in Figure 5.6. Each sub-figure corresponds to one dataset and a search

space. For example, in the middle of Figure 5.6b, we search on CIFAR-100 and

show the test accuracy of the searched architecture on CIFAR-100.

Observations on the topology search space St. (1) On CIFAR-10, most

methods have similar performance. (2) On CIFAR-100, REA is similar to BOHB,

which outperforms REINFORCE; and RANDOM is the worst among them. (3) On

ImageNet-16-120, BOHB significantly outperforms the other methods. It may be

caused by the dynamic budget mechanism for each trial in BOHB, which allows to

traverse more architecture candidates.

Observations on the size search space Ss. (1) REA significantly outperforms

the other methods on all datasets in the size search space Ss. (2) On CIFAR-100

and ImageNet-16-120, results of BOHB, REINFORCE, and RANDOM are similar.
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(3) On CIFAR-10, REINFORCE is better than BOHB and RANDOM. (4) As the

searching time goes, the searched architecture by REA gradually matches the best

one, while the other methods need much more time to catch up with REA. (5) Fig-

ure 5.3 implies a simple prior for Ss: without the constraint of model cost, the larger

model tends to have higher accuracy. By visualising the searched architecture, REA

can quickly fit this prior while the other methods do not.

Given the flexibility and robustness of REA, we would recommend choosing REA

as a searching algorithm if the computational resources are sufficient.

Weight-sharing based Methods

To compare weight-sharing based methods as fairly as possible, we keep the same

hyperparameters concerned with the optimising of the shared weights for different

methods. For other hyperparameters, e.g., hyperparameters for optimising the con-

troller in ENAS or hyperparameters for optimising the architectural parameters in

DARTS/GDAS, we use the same values as introduced in their original papers. In

this way, we can focus on evaluating the core and unique modules in each searching

algorithm. We setup the total number of epochs to 100 for search, and compare

results of their searched architecture candidates after each search epoch. We run

each experiment three times and report the average results in Figure 5.7a for the

topology search space and in Figure 5.7b for the size search space.

Observations on the topology search space St. (1) On CIFAR-10, DARTS-

V1 and DARTS-V2 quickly converge to find the architecture having many skip con-

nections, which performs poorly. However, on CIFAR-100 and ImageNet-16-120,

they perform relatively well. This is because the significantly increased searching

data on CIFAR-100 and ImageNet-16-120 over CIFAR-10 alleviate the problem of

incorrect gradient estimation in bi-level optimization. (2) RSPS, ENAS, and SETN

converge quickly and are robust on three datasets. During their searching proce-
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(a) Results of weight-sharing based methods in the topology search space St.

(b) Results of weight-sharing based methods in the size search space Ss. We do not add

any #FLOPs or #parameters constraint for these searching methods.

(c) We use the same setting as that in Figure 5.7b, while we apply the warm-up strategy

that is similar to [189, 193].

Figure 5.7 : The test accuracy of the searched architecture after each epoch.

dure, they will randomly sample some architecture candidates, evaluate them using

the shared weights, and select the candidate with the highest validation accuracy.

Such strategy is more robust than using the argmax over the learned architecture
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parameters in [28, 11]. (3) The searched architecture of GDAS slowly converges to

the similar one as ENAS and SETN.

Some observations on St are different from those in our preliminary version.

It is because some hyperparameters changed following either suggestions from the

authors or better strategies found in our experiments. Especially, we would like to

highlight some useful strategies for weight-sharing based methods: (1) always use

batch statistics for the batch normalization layer. (2) do not learn the scale and shift

parameters of the batch normalization layer. (3) during the evaluation procedure of

RSPS, ENAS, and SETN, the average accuracy for a large batch of validation data

is sufficient to approximate the average accuracy on the whole validation set. In our

experiments, we use the batch size of 512 for evaluation.

Observations on the size search space Ss. We abstract the three kinds of

strategies to search for #channels:

• Using channel-wise interpolation to explicitly compare two different #chan-

nels [8].

• Using the masking mechanism to represent different candidate #channels and

optimize its distribution via Gumbel-Softmax [189].

• Using the masking mechanism to represent different candidate #channels and

optimize its distribution via REINFORCE [193].

We indicate these strategies as “channel-wise interpolation”, “masking + Gumbel-

Softmax”, and “masking + sampling” in Figure 5.7b and Figure 5.7c. “channel-wise

interpolation” can quickly find much better model than masking-based strategies.

It might because that the interpolation strategy allows us to implicitly evaluate

and compare two candidate #channels in each layer during each search step. In

contrast, the masking strategies can only evaluate one candidate during each search
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step. As shown in Figure 5.7c, we also try the same filter warm-up strategy as [193].

Overall speaking, the performance of the discovered architecture is improved by the

warm-up strategy.

Since the original hyperparameters of [8, 189, 193] are designed for ImageNet and

joint searching of filters and operations, they might be sub-optimal for the settings in

NATS-Bench. In addition, we re-implement these algorithms based on our codebase.

They may have some differences compared to the original implementation due to the

different search spaces, libraries, etc. Therefore, it is under investigation of whether

our empirical observations can generalize to other scenarios or not.

Weight-sharing vs. Multi-trial based Methods

The weight-sharing based methods and multi-trial based methods have their

unique advantages and disadvantages. Multi-trial based methods can theoretically

find the best architecture as long as the proxy task is accurate, and the number of

trials is large enough. However, their prohibitive computational cost has motivated

researchers to design efficient weight-sharing based algorithms. However, sharing

weights sacrifices the accuracy of each architecture candidate. As the search space

increases, the shared weights are usually not able to distinguish the performance of

different candidates.

Clarification. We have tried our best to implement each method using their

reported best experimental set ups. However, please be aware that some algorithms

might still result in sub-optimal performance since their hyperparameters might

not be optimal for our NATS-Bench. We empirically found that some NAS algo-

rithms are sensitive to some hyperparameters, and we have tried to compare them

in as fair a way as possible. If researchers can provide better results with different

hyperparameters, we are happy to update the benchmarks according to the new

experimental results. We also welcome more NAS algorithms to be tested on our
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dataset and would be happy to include them accordingly.

5.5 Discussion

How to avoid over-fitting on NATS-Bench? Our NATS-Bench provides

a benchmark for NAS algorithms, aiming to provide a fair and computationally

cost-friendly environment to the NAS community. The trained architecture and

the easy-to-access performance of each architecture might provide some insidious

ways for designing algorithms to over-fit the best architecture in our NATS-Bench.

Thus, we propose some rules to follow in order to achieve the original intention of

NATS-Bench, a fair and efficient benchmark.

1. No regularization for a specific operation. Since the best architecture is known

in our benchmark, specific designs to fit the structural attributes of the best perform-

ing architecture constitute one of the insidious ways to fit our NATS-Bench. For

example, as mentioned in Section 5.4, we found that the best architecture with the

same number of parameters for CIFAR10 on NATS-Bench is ResNet. Restrictions

on the number of residual connections is a way to over-fit the CIFAR10 benchmark.

While this can give a good result on this benchmark, the searching algorithm might

not generalize to other benchmarks.

2. Use the same meta hyperparameter for di↵erent datasets and search spaces

in NATS-Bench. The searching algorithm has some meta hyperparameter that

controls the behaviour of search. For example, the temperature τ in GDAS or the

band width factor in BOHB. Using the same meta hyperparameter could evaluate

the robustness of the searching algorithm and prevent it from over-fitting to a specific

dataset.

3. Use the provided performance. The training strategy affects the performance

of the architecture. We suggest to stick to the performance provided in our bench-
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mark even if it is feasible to use other H to get a better performance. This provides

a fair comparison with other algorithms.

4. Report results of multiple searching runs. Since our benchmark can help

to largely decrease the computational cost for a number of algorithms, multiple

searching runs, which give stable results of the searching algorithm with acceptable

time cost, are strongly recommended.

5.6 Conclusion

In this chapter, we proposed an algorithm-agnostic NAS benchmark (NATS-

Bench) with information of 15,625 neural cell candidates for architecture topology

and 32,768 for architecture size on three datasets. We also provided 13 NAS base-

lines in a single codebase, and comprehensively analyzed these popular NAS algo-

rithms. The proposed NATS-Bench facilitated the scientific research in AutoDL

and thus solved the sixth objective in this thesis (Obj-6, “Build large-scale architec-

ture datasets to encourage reproducible neural architecture search in the AutoDL

community.”).
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Chapter 6

Conclusions and Future Work

Please recall the three research questions proposed at the beginning of this thesis:

(1) How could we reduce the massive computational cost of AutoDL algorithms? (2)

How could we design a unified and efficient AutoDL framework? (3) How could we

enable reproducible AutoDL? Throughout the thesis from Chapter 3 to Chapter 5,

a preliminary answer to them has been provided.

To be specific, in Chapter 3, we showed that the parameter sharing approach

significantly reduces the massive training cost for a neural architecture search, and

a learnable distribution over the search space can help reduce the number of trials

that are required for AutoDL. Furthermore, a gradient-based architecture sampler

is proposed to improve this line of research further – achieving the fastest AutoDL

algorithm for architecture search in the year 2018 [11, 8]. In Chapter 4, we gen-

eralized the efficient AutoDL framework proposed in Chapter 3 to handle booth

architecture and hyperparameters. The new AutoDL framework is efficient and also

general to searching for various different components in a deep learning pipeline [5].

In Chapter 5, we built a large-scale architecture dataset to facilitate the AutoDL

research [1]. Along with this dataset, we built a unified AutoDL codebase, including

over ten popular NAS algorithms. With the help of this dataset and codebase, 13

recent NAS algorithms have been systemically evaluated. Some interesting observa-

tions revealed how to choose AutoDL algorithms for different requirements.

In summary, the identified objectives in Chapter 1 have been completed as fol-

lows:
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To Obj-1 In Chapter 2, we briefly review the history of AutoDL. For sub-directions in

AutoDL, the NAS and HPO algorithms are analysed in Section 2.1 and Sec-

tion 4.2.1, respectively. The AutoDL benchmarks and software are discussed

in Section 2.3 and Section 2.4, respectively. Lastly, we discussed the motiva-

tion of our proposed algorithms and the pros/cons of our algorithms vs. other

alternatives in Section 2.5.

To Obj-2 In Section 3.2, we have proposed an efficient NAS algorithm, named GDAS,

that can discover a robust CNN on CIFAR within four GPU hours.

To Obj-3 In Section 3.2, we additionally applied the proposed GDAS to a search space

RNN for NLP tasks. The improved performance demonstrates the generaliza-

tion ability of GDAS.

To Obj-4 The initial version of GDAS can only be applied to searching for the architec-

ture topology. However, apart from topology, the architecture size is crucial

to trade-off the efficiency and accuracy of an architecture. In Section 3.3, we

equipped the GDAS with channel-wise interpolation to handle the architecture

size, and it achieved the SoTA accuracy on the network pruning task.

To Obj-5 To further extend the scope of search from architectures to hyperparameters,

we upgraded our GDAS algorithm to AutoHAS in Chapter 4. AutoHAS is a

general framework that can efficiently and jointly search for both architectures

and hyperparameters.

To Obj-6 Due to the importance of architecture topology and size, we have built an

algorithm-agnostic NAS benchmark to facilitate the research of architecture

search. Our benchmark provides the information of 15,625 neural cell candi-

dates for architecture topology and 32,768 for architecture size on three vision

datasets. It has shown great value to the AutoDL community [1].
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In this thesis, we mainly focus on the efficiency and reproducibility of AutoDL

algorithms. Even with them, there is still a long way to go to apply AutoDL

in the production environment. Our proposed algorithm relies on the predefined

search space. When moving to imperfect search space, the search performance would

dramatically degrade. Another limitation comes from the engineering side. Since

more different aspects are incorporated into the search space, we need to handle

both conditional space, categorical space, continuous space, etc. It is not easy to

implement AutoDL algorithms that can flexibly switch between different kinds of

spaces. Therefore, to further improve AutoDL – pushing its boundary, we need to

consider the following aspects.

• AutoDL from Scratch. Existing AutoDL algorithms heavily rely on the expert

knowledge to manually design their search space. To start search on a new

application, it takes considerable effort to research the handcrafted design and

design the search space to align with this application. Could we automatically

design such prior knowledge for AutoDL in future?

• AutoDL Systems. AutoDL is a promising paradigm for automating these

choices. Current deep learning software libraries, however, are quite limited in

handling the dynamic interactions among the components of AutoDL. For ex-

ample, efficient NAS algorithms typically require an implementation coupling

between the search space and search algorithm, the two key components in

AutoDL. Furthermore, implementing a complex search flow, such as searching

architectures within a loop of searching hardware configurations, is difficult.

To summarize, changing the search space, search algorithm, or search flow in

current deep learning libraries usually requires a significant change in the pro-

gram logic. This requirement urges us to develop new systems to accommodate

AutoDL.
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